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Abstract

The computer vision literature describes many methods to perform obstacle detection and avoid-

ance for autonomous or semi-autonomous vehicles. Methods may be broadly categorized into �eld-based

techniques and feature-based techniques. Field-based techniques have the advantage of regular compu-

tational structure at every pixel throughout the image plane. Feature-based techniques are much more

data driven in that computational complexity increases dramatically in regions of the image populated

by features. It is widely believed that to run computer vision algorithms in real time a parallel archi-

tecture is necessary. Field-based techniques lend themselves to easy parallelization due to their regular

computational needs. However, we have found that �eld-based methods are sensitive to noise and have

traditionally been di�cult to generalize to arbitrary vehicle motion. Therefore, we have sought tech-

niques to parallelize feature-based methods. This paper describes the computational needs of a parallel

feature-based range-estimation method developed by NASA Ames. Issues of processing-element perfor-

mance, load balancing, and data-
ow bandwidth are addressed along with a performance review of two

architectures on which the feature-based method has been implemented.

1 Introduction

The design of intelligent low-altitude guidance systems for helicopters requires information about objects

in the vicinity of the 
ight path of the vehicle. The sensor system on the helicopter must be able to

detect objects such as buildings, trees, poles and wires during 
ight. A complete obstacle-detection system

may consist of an active ranging sensor and passive ranging using electro-optical sensors. A comprehensive

overview of this problem can be found in [1, 2].

Several techniques have been proposed for range determination using electro-optical sensors [3, 4, 5].

These techniques use optical 
ow resulting from the relative motion between the sensor and objects on the

ground together with the helicopter state from an inertial navigation system to compute range to various

objects in a scene. One algorithm of interest can detect, track and estimate range to image features (i.e.,

patches of an imagewith commonstatistics or spatial structure) over time from amultisensor systemmounted

on a vehicle moving with arbitrary six degrees of freedom [6].

This paper is a continuation of a previous work which described, at length, a parallel version of our

feature-based range-estimation method (hereafter referred to as Opt
ow) [7]. Within that work Opt
ow was

ported to a distributed computer (based on a network of eight workstations) and a multithreaded shared-

memory multicomputer (a Silicon Graphics IRIS 4D/480).

In this paper we follow the two paths of shared and distributed memory once again but with two di�erent

architectures: the iWarp systolic mesh, and Silicon Graphic's latest generation of shared-memory multicom-

puters, the Onyx. In this light we take a closer look at the performance necessary for real-time computation

of Opt
ow . Section 2 of this paper presents a brief overview of the fundamentals of the feature tracking al-

gorithm, focusing on the parallel constructs and load balancing scheme. Section 3 describes the performance
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of the the iWarp distributed memory multicomputer and the Silicon Graphics Onyx. This is followed by a

concluding section which summarizes performance issues and important architectural di�erences.

2 Feature Tracking Algorithm

The range-estimation algorithm is a modi�ed version of area-based matching. The algorithm tracks small

regions of motion imagery (features) over time and uses an extended Kalman �lter to estimate the feature's

range. Knowledge of sensor velocity, angular rate and the estimated range from the Kalman �lter is used to

limit the search space.

The matching is currently performed using normalized correlation [6]. This method, though computa-

tionally intensive, gives accurate results and is immune to linear changes in scene brightness. The major

computational portion of the feature-based tracking algorithm is in performing the normalized correlations

necessary to form a correlation surface. A correlation surface is generated by correlating the pixel array of

a feature in a past image with candidate pixel arrays de�ned by a search window in a current image. The

search window is constructed with knowledge of the imaging parameters, sensor geometry, and vehicle state

[7]. The peak of the correlation surface indicates the location of a feature at the new time, and can be used

by an extended Kalman �lter to estimate the spatial coordinates of the ground object which corresponds to

the feature [3, 6].

The feature tracking mechanism begins with feature selection by partitioning the master image using a

cell grid . Each cell is a square pixel area with an odd number of pixels, 2n + 1, to a side. Each grid cell

is scanned to see if an image feature is present. Features can therefore be detected only with the spatial

accuracy (within the image plane) of the grid resolution, but they are tracked within the image plane with

subpixel resolution. A cell size of 11�11 pixels gives good overall performance, balancing matching accuracy

versus spatial resolution [6]. A 512� 512 pixel image would therefore be divided into 46 � 46 cells with 6

pixels remaining along two of the edges. For this implementation, feature selection is based on intensity

variance within a grid cell.

2.1 Virtual Processing Regions

Many �eld-based techniques exhibit regular computational structure at each pixel in the image plane. Such

algorithms can achieve near linear speedup on a single-instruction-multiple-data (SIMD) massively-parallel-

processor (MPP) [8]. As �eld-based algorithms become more complex, performing indirect addressing and

trigonometric functions at each pixel, MPPs such as the Connection Machine-2 (CM2) have fallen short and

indicate the need for more the powerful local processors found in multiple-instruction-multiple-data (MIMD)

machines [8].

A problem with our feature-based algorithm, which is shared by more complex �eld-based techniques,

is that the solution of the optical 
ow (and in our case also the estimation of range) does not exhibit regular

computation within the image plane. Computational complexity rises dramatically in areas of imagery

densely populated by features. To combat the problem of imagery-dependent complexity, two software

abstractions were created and described in [7]. The �rst is the autonomous tracking unit (ATU) and the

second is the virtual processor region (VPR).

Once a feature is detected within a grid cell, an ATU is spawned to track the feature over time and

estimate the range to the Earth-�xed object which gave rise to it. An ATU is a task-parallel feature tracker:

it is autonomous in the sense that it tracks it's feature through the image plane, while scene content evolves,

regardless of other features. If a feature leaves the image plane or otherwise becomes untrackable then the

ATU dies. As motion imagery evolves, ATUs will track the optical 
ow within the image. Thus an ATU will

generally 
ow outward from its initial location in the image (assuming a forward-looking sensor in forward

motion).

Since the ATU is designed to be autonomous, its data requirements, in terms of image plane locality,

will vary with motion imagery. Such task autonomy makes it possible for two ATUs, spawned near each

other in the image plane, to diverge from each other over time.

The implication of this is that task parallelism alone is not su�cient to e�ciently map the algorithm



Figure 1: Image plane partitioning.

onto simple parallel hardware. To overcome the data locality requirements, a higher level of abstraction is

introduced above the level of the ATU. This abstraction, the virtual processor region (VPR), adds spatial

locality restrictions to each ATU within the image space.

Fig. 1 illustrates the idea behind virtual processor regions. The textured squares represent the location

of ATUs within a master sensor image plane. The ATUs are arranged to illustrate the tracking of two trees

and several ground features. The image is divided into 8 � 8 VPRs (heavy lines). Each VPR is responsible

for maintaining a rectangular arrangement of grid cells. In this example each VPR is allocated 5 � 5 grid

cells (thin lines). The boundaries for the VPRs are the same as for the underlying cell grid. The maximum

number of VPRs is equal to the number of grid cells.1

The VPRs represent separate regions within the image plane that can be allocated to a processing

element (PE). In the example of Fig. 1 there are 64 VPRs which can be distributed among up to 64

processing elements in a task/data parallel fashion. Each PE processes the ATUs (textured squares) and

performs feature detection in untracked grid cells (white squares) which are contained within its assigned

VPR. Since the VPRs are spatially allocated their image data requirements are �xed. Therefore, as an ATU

tracks a feature across a VPR boundary, the VPR passes the ATU to the appropriate neighboring VPR

before the next image set is acquired. Currently each VPR is allocated enough image pixels surrounding

the VPR proper such that ATUs can be tracked into a neighboring VPR's image space without the need

for interprocessor communication on distributed memory machines.2 This is an interim solution allowing

for more 
exibility in the algorithm such that a wider range of architectures may be considered. If an

architecture has very cheap nearest-neighbor communication then ATUs would be designed to be transferred

between VPRs during the tracking phase of the algorithm. If the tracked features have inter-image shifts

greater than can be handled by the extra pixels sent along with a VPR, then interprocessor communication

during the tracking phase will be necessary.

Fig. 2 depicts the feature tracking method as a 
ow chart using the de�nitions of autonomous tracking

units and virtual processing regions. The feature tracking algorithm based on virtual processing regions

1In the case of 512� 512 pixel images with 11� 11 pixel cells there can be as few as one VPR or as many as 2116 VPRs.
2Each VPR is currently given a ten pixel wide image strip from each of its neighbors. The size of this strip is based on the

highest inter-image shift expected during tracking. This is not directly applicable to a shared-memory implementation.
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Figure 2: Feature tracking algorithm 
owchart.

exhibits Single Program Multiple Data (SPMD) parallelism. Each VPR can be processed in parallel as soon

as its input data have been supplied. The VPR however can exploit further parallelism at the ATU level if it

contains more than one grid cell.3 Each ATU/grid cell can be processed in parallel. The data requirements

for each ATU are implicitly supplied by the parent VPR. The ATU in turn is composed of a series of serial

matrix-like operations which exhibit vector-like parallelism. The number next to each ellipsoid in Fig. 2

indicates the aggregate percentage of total computation needed by each function.

The motivation behind the ATU/VPR construct is 
exibility. The feature tracker can be con�gured to

use as few as one or as many as a couple thousand VPRs. Changing the number of VPRs obviously a�ects

the ATU per VPR ratio. On a highly parallel machine (with several thousand processors) each processor

would be assigned either an empty grid cell or an active ATU; there would be no need for VPRs. Since the

algorithm has been designed to be ported to di�erent architectures, the VPR construct is necessary to reduce

the number of task/data parallel units to the optimal number for a given architecture and load balancing

scheme.

2.2 Load Balancing

If scene content is such that features are not distributed uniformly (which is most often the case), then a

load balancing technique will be needed to make e�cient use of every processing element in a system. From

previous research we have found that a load balancing technique called static scheduling has performed well

for this problem [7]. This scheduling algorithm is presented below.

The major computational load of each VPR is in performing the correlations necessary for feature

tracking. If the time to scan a cell for a new feature is td, the time to generate a correlation surface is tc and

the time to perform measurement and time update is tf , then if the ith VPR has Ai untracked cells and Bi

ATUs (tracked features), the computation time for the ith VPR, �i, can be approximated by

�i � Aitd + Bi(tc + tf + td) (1)

3Parallelism below the VPR level has yet to be explicitly exploited.



If the number of features per VPR does not change too rapidly during steady-state feature tracking, then it

would be possible to perform static scheduling for the current frame time based on each VPR's estimated

computation time �i from the previous frame.

Given that the master image is divided into M VPRs, static scheduling attempts to distribute all M

VPRs from the current frame onto a set of N processors so as to minimize completion time. It is required

that M > N so that the scheduler has the resolution to properly distribute the load. More precisely: Given

N processors, a deadline D and an M element set, X , of VPRs each with estimated computation time �i,

select a disjoint partition of X = X1 [ X2 [ � � � [ XN such that

max

8<
:
X
i�Xj

�i : 1 � j � N

9=
; � D (2)

The estimated time necessary to process all VPRs with a uniprocessor is

T =

MX
i=1

�i (3)

Thus the best case deadline D possible, given N processors, is T=N .4 This is known as the Multiprocessor

Scheduling Problem [9]. The challenge of static scheduling is to choose the partitions Xj in a computationally

e�cient manner such that the maximum processing element computation time approaches T=N .

3 Implementation Results

The results from previous research were inconclusive whether a distributed-memory or shared-memory mul-

ticomputer would reach real-time performance sooner. What we could conclude, though, was that a system

was needed that could sustain at least from 1.5 to 2.0 G
ops with fast inter-processing-element input/output

(I/O). To this end we have ported the algorithm to two architectures which might be able to support this

performance level in a system portable enough for installation on a helicopter. The architectures we chose

were the iWarp distributed-memory multicomputer and the latest Silicon Graphics Onyx multicomputer.

Issues relating to porting Opt
ow to the iWarp (by far the larger of the two tasks) are summarized here.

For those readers who wish a detailed explanation see [10].

3.1 Distributed-memory machine

The iWarp is a distributed-memory multicomputer and is the product of a joint development e�ort between

the Intel Corporation and Carnegie Mellon University. The system supports both tightly and loosely coupled

parallel processing and was designed to support high-performance signal processing via balanced communi-

cation and computation [11]. The iWarp is distinguished from other distributed-memory multicomputers by

three signi�cant features: high-bandwidth internode communications, systolic processing, and multiplexed

physical connections [12].

Under the iWarp architecture, processing elements, or \nodes", are connected in a 2-D toroidal mesh

\array". Each node is a RISC like processor theoretically capable of 20 MIPS and 20 MFLOPS.5 Each node

also has a communication agent able to support four duplex 40 Mbytes/second channels, 320 Mbytes/second

aggregate, to other nodes in the array. Input/output for the array is handled by special interface nodes.

At present, the only interfaces are the \Sun Interface Board" (SIB), which provides communications and

proxy services to a Sun workstation, and the \iWarp Serial Interface" (iSIO). The latter provides 60 MB/sec

transfer rates and is intended as a general-purpose interface to high-speed devices such as frame grabbers,

video, and disk [13]. A schematic diagram of the iWarp architecture is shown in Fig. 3.

4This assumes, of course, that 100% of the code can be parallelized.
5There is a hardware bug in the current release of the chip (c-step) which limits the maximum 
oating point performance

to 10 MFLOPS.
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Several constraints impacted the implementation of Opt
ow on the iWarp. Foremost were restrictions

resulting from current iWarp systems. At present, there are relatively few installations (i.e., 30-40 sites) and

most have 8 or fewer nodes. Moreover, almost all machines have limited node memory, typically 512 Kbytes

static RAM per node.

A distributed-memory implementation of Opt
ow has been constructed for the Oak Ridge National

Laboratory (ORNL) iWarp, the largest system available to us. The system consists of 16 nodes with 2Mbytes

of static RAM per node. The SIB supplies the single input/output interface on the system. Although the

communication bandwidth provided by the SIB is not su�cient for real-time use, it was considered acceptable

for development purposes. A high-performance video interface, which will utilize the iSIO, is currently under

development and will meet real-time requirements.

One of the limitations of the iWarp is that the existing iWarp software tools restricted the development

process. The standard development environment is limited, consisting of single-node compilers (i.e., C,

FORTRAN) and internode communications libraries. A rudimentary facility is also provided for array-to-

host communications. This environment is immature relative to other current distributed parallel systems

(e.g., iPCS/860, CM-5) and does not provide abstractions beyond the node level.

The iWarp implementation of Opt
ow uses the coarse-grained, message-passing computation model

based on VPRs covered in detail in [10]. For this implementation, we chose to construct a managed scat-

ter/gather network using a pair of unidirectional snake networks as shown in Fig. 4. A sending node is

located at one end of both networks. The networks traverse the array and make turns at the edges. Receiver

nodes are located at each node and have taps into both networks. One network is then used for sending data

from the master node to the compute nodes (i.e., scatter) and the other for receiving computed results (i.e.,

gather).

For each processing loop, the master node obtains, from the host, the image set and vehicle state

information to be processed. The master node uses the state information and sensor geometry to create

transformation matrices which all the compute nodes will need. The master node then partitions the set of

VPRs based on load-balancing criteria, and determines the data package for each compute node (this is the

preprocessing stage). The data is then distributed to the compute nodes via the scatter network (the send

stage). Once all the data has been placed onto the scatter network, the master node spins while the compute

nodes process the VPRs (this is the wait stage). After computation has been performed, the compute nodes

return results via the gather network to the master node (the receive stage). The master node performs

ATU reassignment and cleanup activities (the postprocessing stage), and then the loop begins again.

The ORNL iWarp, even though it had 2 Mbytes per node, could not process an entire 512� 512 image.

In [10], a 512 � 128 (i.e. a wide image) was used to test the iWarp version of Opt
ow . It was discovered

that a bug existed in the image distribution code that executes on the master node. This bug would slow

the communications bandwidth between the master node and the compute nodes by an order of magnitude,

while distributing image data, when the VPRs were a fraction of the width of the image. Thus, by using a

512� 128 image, only 11 VPRs were available to test true speedup. This number of VPRs however was not

suitable to test speedup and load balancing on a 16 node system.

In order to test the speedup and load balancing using all 16 nodes, while bypassing the bug, and keeping

within the memory limits, a simple modi�cation was made. A 128� 512 image was used (i.e. a tall image)

instead. This gave the master a maximum of 45 VPRs to distribute to 15 compute nodes. With this

con�guration, a speedup graph could be generated, bypassing the image distribution bug.

3.1.1 iWarp Performance

Figure 5 is a plot of the speedup for the iWarp version of Opt
ow using the tall images, 128�512, described

earlier. A linear speedup, using three to �fteen compute nodes, should give a speedup of �ve times if there

were no nonparallel code, load imbalance, or communication delays.

Table 1 presents a summary of the iWarp performance on parallel and nonparallel sections of the code

during the 20th image pair of the test sequence. The test image sequence is described in [7]. The columns

labeled Pre&Post (pre and post processing), Send&Recv, and Wait are tasks for which the processing times

are measured on the Master Node. The columns labeled Ave (average time to compute all VPRs for all the

compute nodes) and Max (maximum node compute time) are computation times measured by the compute



Number of Master Node Compute Node Percent Loop

Compute Nodes Pre&Post Send&Recv Wait Ave Max Balanced Time

3 0.09912 0.05605 2.50002 2.50424 2.51133 99.7 2.65519

4 0.09381 0.05641 1.90790 1.87812 1.92174 97.7 2.05812

5 0.09588 0.05658 1.50261 1.50251 1.52212 98.7 1.65508

7 0.09131 0.05688 1.29479 1.25228 1.33744 93.6 1.44298

9 0.09933 0.05738 0.98762 0.93918 1.00588 93.3 1.14435

12 0.09791 0.05826 0.78113 0.68304 0.81891 83.4 0.93729

13 0.10506 0.05845 0.66150 0.62658 0.70054 89.4 0.82503

15 0.10273 0.05905 0.63379 0.53704 0.63344 84.7 0.79557

Table 1: Compute times for the 20th frame pair, in seconds, for Opt
ow on the iWarp using 45 VPRs.

 Measured
 Linear

|
3

|
4

|
5

|
6

|
7

|
8

|
9

|
10

|
11

|
12

|
13

|
14

|
15

|1.0

|1.5

|2.0

|2.5

|3.0

|3.5

|4.0

|4.5

|5.0

 Number of Compute Nodes

 S
p

ee
d

u
p

Figure 5: Measured speedup for the iWarp array, excluding host I/O, averaged over 20 image pairs.

nodes. The column labeled Percent Balanced is the ratio of the Ave compute time to the Max compute

time. This gives a rough measure of how well the load balancer is functioning. Finally the column labeled

Loop Time is the sum of the �rst three columns and corresponds to the time to process the 20th frame pair,

excluding host I/O.

The speedup calculated using numbers from the the Ave column will give 2:50424=0:53704 = 4:66 which

corresponds nearly to the theoretical maximum (i.e. no nonparallel overhead and perfect load balancing). If

we take into account load imbalance we can calculate speedup using the Max column, 2:51133=0:63344 = 3:96.

And �nally, the true speedup to process the 20th frame pair, including nonparallel code, load imbalance,

synchronization delays, and communication/computation overlap we �nd 2:65519=0:79557 = 3:34, 67% of

theoretical.

The maximum performance for the iWarp can be calculated as the number of features per second com-

puted. The 20th image pair had 417 features, thus 417=0:79557� 524 features/second. This divided among

the number of compute nodes gives almost 35 features/second per node using 15 nodes (52 features/second

per node using 3 nodes)6

6All measurements in features/second within this paper are truncated to an integer value.



Comparison of Onyx and IRIS

# Model Nodes Features/second (Features/second)/node Speedup

Onyx 4 763 190 3.71

Onyx 3 538 179 2.77

Onyx 2 385 192 1.95

Onyx 1 196 196 1.00

IRIS 8 553 69 6.88

IRIS 4 290 72 3.77

IRIS 1 74 74 1.00

Table 2: Performance comparison of the four processor Onyx versus a 4D/480.

3.2 Shared-memory machine

The shared-memory machine tested was a four processor Silicon Graphics Onyx. We chose the Onyx due

to the promising speedup numbers (6.88 for eight processors) that was achieved by an SGI IRIS 4D/480 in

previous research [7]. We were not able to gain access to an eight processor Onyx for direct comparisons to

the 4D/480 but the data gleaned from the performance runs on the Onyx using the speedup information

from it and the 4D/480 should allow us to make a lower-bound prediction on performance.

The Onyx system tested had four 100 MHZ MIPS R4400 Processors, and an interconnection backplane

bandwidth of 1.2 Gbytes/second [14]. The Onyx predecessor, an IRIS 4D/480, has eight 40 MHZ MIPS

R3000 Processors and a interconnection backplane bandwidth of 64 Mbytes/second.

The implementation of Opt
ow on the Onyx was of minimal e�ort compared to the that needed for the

iWarp version. The Onyx has a multithreaded operating system (OS) which lends itself to easy coding of

data-parallel tasks. A coarse-grained thread approach was chosen to parallelize Opt
ow on this architecture.7

In this approach N threads are generated for an N -processor machine. The number of VPRs should exceed

the number of processors such that the load balancer will have enough resolution to approach the T=N lower

bound. For this implementation we chose the number of VPRs to be 64 (same as the previous version for the

4D/480). The static load balancer generates an index map whereby each thread can address the appropriate

set of VPRs from shared memory. The assignment of thread to processor is done automatically by the OS.

The OS distributes one thread per CPU since each thread will be heavily loaded. Since we did not have

direct access to the Onyx, the development time necessary to carry out per-thread time measurements, equal

in modular resolution to the iWarp, was not available.

3.2.1 Onyx performance

Figure 6 is a plot the speedup curve from one to four threads. The coarse-grained thread approach achieves

good speedup on the Onyx. With so few processors, though, all we can say for certain is that the Onyx

speeds up as well as its predecessor.

Table 2 presents a summary of the performance increase the Onyx has over its predecessor. The Onyx

achieves a 2.6 times increase in speed over the 4D/480 using the same number of processors. It should be

noted here that since the Onyx tested had only four processors, the OS could not \get out of the way" by

allocating four processors totally to Opt
ow . The OS on the eight processor 4D/480, however, was able to

do this while benchmarking Opt
ow 's performance on four of them. In short, when the number of heavily

loaded threads is equal to the number of processors, a degradation appears in the high end of the speedup

curve due to the presents of the executing IRIX kernel. This assumption may be the cause for the 3.77 to

3.71 decrease in speedup from the eight-processor 4D/480 to the four-processor Onyx.

The Onyx is able to process approximately 190 features/second per processor with four processors (196

features/second per processor with one processor). An estimate may be made of the performance of an

7The original design of the multithreaded version of Opt
ow could only use eight threads due to limitations in the OS for
the IRIS 4D/480.
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Figure 6: Measured speedup for the four processor SGI Onyx, excluding disk I/O, averaged over 20 image

pairs.

eight-processor Onyx using the above data. If we assume it speeds up at least as well as a 4D/480, and that

it will get a performance boost of at least 30% by going to a 150 MHZ processor,8 then an eight-processor

150 MHZ Onyx system should be able to estimate range to (6:88=3:77) � (190=2) � 1:3 � 225 features/second

per processor, or 1800 features/second. An unrestricted operational system9, one in which the algorithm

is limited to at least 1000 active ATUs per frame, with a minimal frame rate of 10 frames/second, would

need a compute system capable of processing 10; 000 features/second (assuming pipelined I/O). Therefore

an eight-processor Onyx may only be 5.5 times too slow to meet requirements for real-time processing.

Onyx systems with more processors (than we where able to test) are promised. Future systems will have

available a new superscalar processor, the TFP, optimized for 
oating point operations [14]. Performance

speculations for Onyx systems with more than eight processors or those with the new TFP processor cannot

be justi�ed until more advanced systems are available to us.

4 Conclusions

In our earlier research we could not conclude which architectural design, shared or distributed memory, would

o�er the most performance for Opt
ow . All we could give was a rough idea, in MFLOPS and Mbytes/second,

of what level of performance a parallel processor needed. The results of this paper highlight the impact, on

Opt
ow 's performance, of the di�erent hardware designs tested.

The performance of Opt
ow on the iWarp su�ered in three di�erent areas. First, 45 VPRs is not

adequate to distribute to 15 nodes. The load balancer does not have the resolution to smoothly distribute to

load generated by the test image sequence. Therefore the high end of the iWarp speedup graph becomes very

choppy. Second, is the compiler and debugging environment are rudimentary. Hours were spent unrolling

loops by hand and swapping integer operations for 
oating point and vise versa so that the iWarp's LIW

(long instruction word) could be utilized by the compiler to keep the integer and 
oating point units busy.

Finally the iWarp cell itself does not have the installed base to mandate the resources at Intel to keep its

8150 MHZ will be the default for these machines.
9We have found that in real helicopter imagery often only 400 to 600 features will be present. Laboratory imagery (used to

benchmark systems) is atypical, with as many as 1500 features, due to the absence of \sky" and other featureless objects. The
justi�cation for needing at least 10 frames/second can be found in [15, 16].



raw computational performance competitive with popular architectures such as the MIPS R4400.

A criticism can be made that Opt
ow , in its managed scatter/gather implementation, was not optimal

for a toroidal systolic mesh. This is almost certainly true, but for any parallel architecture to perform well in

a wide variety of codes, it must not be too communication-model-speci�c. A large enough iWarp array may

be able to achieve real-time performance for Opt
ow , though it will take a great deal of e�ort reorganizing

the code to reach such a goal.

The Onyx was able to outperform a 16 processor iWarp with only three 100 MHZ R4400s. If such large

disparities between raw processor performance are to continue, then commercial compute servers will reach

our goal of real-time performance the soonest.

Thanks
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