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Abstract

This paper describes the implementation of an optical 
ow range-estimation algorithm, intended

to support autonomous helicopter navigation, on the iWarp distributed-memory multicomputer. The

implementation exploits numerous features of the iWarp communications and computation architecture to

maximize performance and e�ciency. The range-estimation algorithm has been previously implemented

on both distributed and shared-memory workstations. Experiences and performance �gures from the

initial iWarp implementation are discussed along with plans for future re�nements.

1 INTRODUCTION

There are many proposed vision-based methods to perform real-time obstacle detection and avoidance for

autonomous or semi-autonomous vehicles. All methods, however, are computationally stressing and require

sustained computation in the giga
op performance range. To achieve such performance without use of

dedicated or specialized VLSI hardware, it is necessary to employ parallel methods. This paper describes

the initial results of a parallel optical 
ow range estimation algorithm,which provides support for autonomous

helicopter navigation, as implemented on the iWarp distributed-memory multicomputer.

1.1 Problem de�nition

The high computational requirement for machine vision is well-recognized and parallel processing presents

an approach to achieve the necessary speed for real-time implementation [1]. The estimation of range using

electro-optical sensors, for example, involves the processing of large data streams (e.g., 15 MB/sec) with a

computation rate of a few giga
ops [2]. In the past, the solution of such signal and image processing tasks

required the use of application-speci�c computing systems, often implemented by custom VLSI.

This approach, however, has signi�cant drawbacks including high development cost, in
exibility, rapid

obsolescence and lack of performance scalability [3]. General-purpose processors, by contrast, can provide

high levels of 
exibility and functionality with much reduced development cost. At present, however, no

general-purpose uniprocessor system alone can provide the required computational performance, thus a

parallel implementation is required [4].

Parallelism, however, may not provide the required speed increase and the actual performance improve-

ment is often strongly architecture and application dependent [5]. In particular, the communication network

plays a signi�cant factor in determining the overall performance and throughput of a parallel system [4].
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Moreover, the selection of a parallel processing system for a particular task may be driven by other application

speci�c requirements, such as low energy consumption, weight, and physical size compactness [3].

1.2 Real-time passive range-estimation

This research speci�cally seeks to provide real-time range estimation from passive imagery to support

autonomous helicopter navigation. Several techniques have been proposed for range determination using

electro-optical sensors, optical 
ow and state data from an inertial navigation system [6, 7, 8]. One algo-

rithm of interest can detect, track and estimate range to image features (i.e., regions with common statistics

or spatial structure) over time from a multisensor system mounted on a vehicle moving with arbitrary six

degrees-of-freedom [9].

Candidate real-time implementations of the algorithm presented in [9], must be adaptable to changes

in the estimation algorithm, exhibit e�ective performance scalability, and have the potential for on-board

helicopter use. Moreover, due to the algorithm's complexity, a traditional \image processing" approach will

be lacking in 
exibility [1].

These constraints emphasize the need for a parallel system utilizing general-purpose processors over

application speci�c computing systems. This does not, however, restrict the use of such devices as processing

\front-ends" to the parallel system. Pipelined image processors, for example, may be used to provide a

preprocessed frame sequence (e.g., edge-enhanced) to the algorithm running on the parallel machine.

Given existing \o�-the-shelf" parallel systems, therefore, the task is to select an architecture which

utilizes general-purpose processors and which satis�es other physical criteria. In particular, the candidate

system must meet (or have the potential for) the following:

� giga
op computation range

� low weight

� low power

� high-speed input/output (15 MB/sec or greater)

One architecture which appears to satisfy these requirements is the iWarp.

1.3 iWarp overview

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 (CMU). The system supports both tightly and loosely

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

communication and computation [10]. The iWarp is distinguished from other distributed-memory multi-

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

multiplexed physical connections [11].

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

mesh \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 [12].

A schematic diagram of the iWarp architecture is shown in Fig. 1.

2 METHODOLOGY

2.1 Multisensor feature-based range-estimation algorithm

A candidate range-estimation algorithm which has shown promise for autonomous helicopter navigation has

previously been described in [9, 13, 14]. This algorithm exhibits computational and communication patterns

which do not decompose well into standard \image processing" paradigms [2]. In particular, the algorithm

is data driven and contains a highly irregular computation structure.
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Figure 1: Schematic diagram of the iWarp distributed-memory multicomputer.

The range-estimation algorithm is a modi�ed version of area-based matching which is designed to

overcome some of the limitations commonly associated with that method [15]. The algorithm tracks small

regions of motion imagery (called \features") over time and uses an extended Kalman �lter to estimate the

feature's range. The knowledge of sensor velocity, angular rate and the estimated range is used to limit the

search area.

The matching is currently performed using normalized correlation [9]. 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,

which contains a feature, with candidate pixel arrays de�ned by a search window [2], from an image acquired

later in time. The peak of this 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.

2.2 Parallelization

The range-estimation algorithm has been parallelized into a two tiered structure (see Fig. 2) as described

in [2]. The lowest level is the autonomous tracking unit (ATU). The tracking unit can track a feature in a

single sensor over time. Autonomous tracking units are task parallel in nature. Once a feature is detected an

ATU is spawned to track the feature. 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,

for foward vehicle motion, an ATU will generally 
ow from the center of the image towards the edge. The

general 
ow of an ATU, however, cannot be known a priori due to the unknown nature of evolving scene

content.

The autonomous nature of ATUs, therefore, will lead to data requirements which will evolve to be

nonlocal within the image space. Nonlocal data requirements for each task can lead to very poor performance

in a multiprocessor system, due mainly to communication overhead in a distributed-memory system, or

memory network contention in a shared memory system [16]. The primary implication of this is that task

parallelism alone is not su�cient to e�ciently map the algorithm onto parallel hardware. To overcome

the data locality requirements, a higher level abstraction, the virtual processor region (VPR), adds spatial

locality restrictions to each ATU within the image space.

Each VPR is responsible for maintaining a rectilinear arrangement of grid cells. The VPRs represent

separate regions within the image plane that can be allocated to a processing element (PE). Each PE

processes the ATUs and performs feature detection in untracked grid cells which are contained within its
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Figure 2: Range-estimation algorithm 
owchart.

assigned VPR. 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.

The feature tracking algorithm based on virtual processing regions exhibits Single Program Multiple

Data (SPMD) parallelism. Each VPR can be processed in parallel as soon as its input data has been supplied.

The VPR, however, can exploit further parallelism at the ATU level if it contains more than one grid cell.

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.

2.3 Load balancing

Since each VPR may manage none to many ATUs, a load balancing scheme is necessary to fully utilize all

the processors in a distributed system. Several load balancing schemes have been explored for this algorithm

[2]. The most promising scheme, static load balancing, has been used for the iWarp implementation.

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 to 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 (1)

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

T =

MX
i=1

�i (2)

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

Scheduling problem and has been shown to be NP-complete [17]. The challenge of static scheduling is to

choose the partitions Xj in a computationally e�cient manner such that the maximum PE compute time



approaches T=N . The method used in [2] to choose the partitions Xj is the e�cient heuristic, \First Fit

Decreasing" (FFD) described in [17] and [2].

3 iWARP IMPLEMENTATION

3.1 Overview

3.1.1 Design assumptions

The range-estimation algorithmwas implemented on the iWarp after considering prior parallel instantiations.

This previous work, described in [2], yielded two �ndings upon which the iWarp implementation was based.

First, it was determined that the algorithm is amenable to coarse-grained processing by a distributed-memory

machine. Second, that the most detrimental aspect of the previous distributed-memory implementation, an

Ethernet-based network of UNIX1 workstations, was the low bandwidth of the node interconnect.

Considering these �ndings, two design assumptions were made. First, it was assumed that the paral-

lelization described in [2] was e�ective and that the overall execution time would be reduced by increasing

the number of nodes. Second, it was expected that the distributed-memory implementation would become

largely compute-bound if the node interconnect bandwidth could be improved.

3.1.2 Constraints

Several constraints impacted the implementation design. 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 KB static RAM per node.

Another factor which constrained the design was the input/output interface. During development, the

only interface available was the SIB. As discussed previously, this interface provides communications and

proxy services between an iWarp and a Sun workstation. The SIB, however, is slow and only provides

bandwidths from 0.2 MB/sec (host �lesystem access) to 6 MB/sec (node/host process communication).

Finally, 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 communica-

tions libraries. A rudimentary facility is also provided for array to host (i.e., Sun) communications. This

environment is immature relative to other current parallel systems (e.g., iPCS/860, CM-5) and does not

provide abstractions beyond the node level. It should be noted that alternative environments, such as

\Express"2 and the Intel \parallel program generators" (i.e., Adapt, Apply, and Assign) do exist. These

alternative environments, however, were considered inappropriate due to inherent limitations or overhead.

3.1.3 Functional description

A distributed-memory implementation of the parallel range-estimation algorithm has been constructed for

the Oak Ridge National Laboratory (ORNL) iWarp. The system, shown in Fig. 3, consists of 16 nodes

with 2MB of static RAM per node. The SIB supplies the single input/output interface on the system and

provides an additional node with 2MB of static RAM. 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.

For the initial iWarp implementation of the range-estimation algorithm we have chosen to utilize the

same coarse-grained, message-passing computation model previously used in [2] for distributed-memory

machines. The \Programmed Communications Services" (PCS) tool chain and libraries, developed at CMU,

provided static network communications for programmed scatter and gather. An optimizing C compiler was

used to generate low-overhead loops and software pipelining.

1UNIX is a registered trademark of AT&T.
2Express is a trademark of the Parasoft Corporation.
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Figure 3: Oak Ridge National Laboratory (ORNL) iWarp system.

3.2 Communications

The communications capability of the iWarp o�ers tremendous 
exibility for implementing parallel algo-

rithms. For example, the channel multiplexing ability of the iWarp communications agent allows for a wide

variety of connection topologies, such as meshes, hypercubes and snakes. Additionally, the peak communi-

cations bandwidth of 320 MBytes/sec (160 MBytes/sec full-duplex) simpli�es the development of e�cient

parallel software since the communications cost is low. Finally, support for both message passing and systolic

communications models provides �ne control over the granularity of communication and computation [18].

3.2.1 Communications design

The 
exibility of the iWarp communications agent presents the designer with a broad spectrum of options

for implementing distributed communications. Since the designer has great control over network topology

and message granularity, it is extremely important to understand speci�c application requirements when

selecting a communications method.

Given the design assumptions described in section 3.1.1, it was expected that the greatest bene�t would

be realized if a high node interconnect bandwidth could be attained. Moreover, since the loosely-coupled,

task-parallel model utilizes regular communications patterns (i.e., managed scatter/gather), it is possible

to setup a static data distribution network and to ensure e�cient resource management. Speci�cally, by

explicitly managing the communications it is possible to ensure that no node becomes deadlocked or causes

starvation.

A static data distribution network using PCS was implemented on the iWarp. PCS provides an array-

level abstraction of the iWarp as well as direct program access to the iWarp communication hardware [19].

For this implementation, we chose to use a pair of uni-directional, snake networks as shown in Fig. 4. A

sending (master) node is located at one end of both networks. The networks traverse the array and make

turns at the edges. Receiver (slave) 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 slaves (i.e., scatter) and the other for

receiving computed results (i.e., gather).

The data scatter/gather technique utilizes a unique feature of the iWarp communication hardware.

First, the master node sends an open (start) message marker along the scatter network. This marker is

then followed by the data packages for each of the slave nodes, and �nally a close (end) message marker. In

essence, a single message is sent via the scatter network during each iteration.

As the message proceeds, each slave node in turn receives the open message marker and then takes

its data from the data stream. Once the node has received its data, it forwards the open message marker,
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Figure 5: Static data distribution network performance.

commands its communication agent to forward the remainder of the message in \express" mode and begins

processing. Once a communication agent is placed in express mode all data is passed through the node

without intermediate bu�ering and without consuming further resources from the computation agent. The

last slave node, however, does no forwarding and merely receives the close message marker.

After the slave nodes complete processing, the results are returned in a similar manner to the master

node. Due to the low-latency of communications, and because the communications agent is able to operate

without taking resources from the computation agent, this technique is extremely e�cient for distributing

data in a low-latency, high-performance manner.

3.2.2 Communications analysis

The network mapping shown in Fig. 4 was chosen for three reasons. First, it optimally implements a linear

network across any number of nodes. Since scalability is a concern for tuning the range-estimation algorithm

and because existing iWarp systems have few nodes, e�cient network topology mapping is a driving factor.

Second, the mapping maximizes communications performance and utilizes a minimum of node resources.

Since each node is connected to its neighbors by a single physical bus, multiplexing networks reduces the

bandwidth available to each network. Finally, the mapping is able to utilize the express routing capability of

the iWarp communications hardware to provide high bandwidth data distribution between the master and

the slave nodes.

The performance of the static network was evaluated given varying network lengths over a range of

data distribution loads. In each case, a sending (master) node distributed data equally to a number of

receiving (slave) nodes. A distribution of 4 MB from the master to 4 slaves, for example, resulted in each



slave receiving 1 MB of data. The performance for networks containing 4, 8, and 16 receiver nodes is shown

in Fig. 5. As the �gure shows, the distribution rate increases asymptotically towards a saturation rate as

the data size increases. In all cases, near peak (saturation) transfer rate is achieved for transfer loads above

1 MB. The variance in peak rate between di�erent network lengths may be attributed to delays in switching

communications modes and the latencies of communications through a node.

3.3 Computation

The computation agent of the iWarp provides a powerful general-purpose processing engine. The 20 MHz

processor operates with an instruction set similar to other 32-bit RISC devices, but additionally provides a

96-bit \Long Instruction Word" (LIW) for superscalar operations. The LIW is extremely 
exible and may

be used to operate multiple functional units (e.g., integer/logic, 
oating-point multiply, etc.) in parallel, to

perform simultaneous computation and communication, and to provide optimizations such as zero-overhead

loops and software pipelining[12].

Most signi�cantly, however, the iWarp computation agent is designed to perform numerical computations

while maintaining a high sustained 
oating-point arithmetic rate. The processor achieves this through the

use of nonpipelined 
oating-point units, and provides high performance for both vectorizable and non-

vectorizable codes. The peak performance rating of the computation agent is 20 MFLOPS for single (32-bit)

precision operations concurrent with 20 million integer or logical operations per second [10].

3.3.1 Computation design

To enhance computation e�ciency and to maximize use of the LIW it was necessary to code the range-

estimation algorithm according to particular guidelines. For example, 
at iteration with constant bounds

and indexing was used wherever possible. Iteration is preferred to recursion since it reduces function call

overhead. Constant bounds and indexing allows the optimizer to perform substantially better pipelining and

to utilize zero-overhead loops [20].

Since the computation agent has independent, non-pipelined 
oating-point addition and multiplication

units, judicious use of 
oating-point rather than integer math can yield better performance. Additionally,

unlike vector machines, the iWarp does not require that loops be vectorizable to enable full utilization of the


oating-point units [10]. A fundamental performance limit, however, is implied by the use of independent

units. In particular, if a calculation contains speci�c data dependencies, additions and multiplications will

be serialized and the performance will be marginal.

3.3.2 Computation analysis

As an example of how these computational constraints impact code design, consider the core loop of the

correlation surface function. This function dominates the feature tracking processing and accounts for

approximately 90 percent of the computational time. Originally, the code was written as shown in Fig. 6,

with a nested-loop pair and integer math.

To improve performance, the inner loop was manually unrolled, 
oating-point used instead of integer

math, and full C optimization (including software pipelining) invoked. As a result, a speedup of 8.5 was

realized, reducing the execution time by 88%. Although this decrease is substantial, there remains signi�cant

potential for further improvements. These issues are discussed in section 4.2.

3.4 iWarp processing

As previously implemented on a distributed-memory machine (i.e., networked workstations), the range-

estimation algorithm was structured so that a single master PE would schedule and distribute VPRs via

ethernet to the slave PEs. The slave PEs, which contain the bulk of the feature tracking code, then processed

a set of VPRs in parallel and returned results to the master PE [2].

For the iWarp implementation, this processing structure was maintained. The master PE was assigned

to the SIB node and slave PEs to other iWarp nodes. In place of ethernet communications, the static



char left[128][128], right[128][128];

int sum1, sum2, sum3, sum4, sum5, a, b, x, y;

sum1 = sum2 = sum3 = sum4 = sum5 = 0;

for (y = -5; y <= 5; y++) {

for (x = -5; x <= 5; x++) {

a = (int) left[j+y][i+x];

b = (int) right[h+y][t+x];

sum1 += a*b;

sum2 += a;

sum3 += b;

sum4 += a*a;

sum5 += b*b;

}

}

Figure 6: Core loop of the correlation function.
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data distribution network described in section 3.2.1 was utilized. Due to memory limitations of the ORNL

iWarp, however, it was not possible to directly replicate the workstation based processing. Speci�cally, it

was necessary to reduce the processing code and work with quarter-size (i.e., 512x128, 8-bit pixel) images.

Currently, the approximate code size for the master and slave programs are 1.5MB and 1MB respectively.

For each processing loop (see Fig. 7), the master PE obtains the image set to be processed, partitions

the set based on load-balancing criteria, and determines the data package for each slave PE. The data is

then distributed to the slave PEs via the scatter network. Once all the data has been placed onto the scatter

network, the master PE spins while computation on the slave PEs proceeds. After computation has been

performed, the slave PEs return results via the gather network to the master PE. The master PE performs

cleanup activities, and then the loop begins again.



Figure 8: Image with corresponding intensity coded range map.

Compute Time

# Nodes Ave Max

4 1.286002 1.419808

8 0.642997 0.887289

16 0.321598 0.422483

Table 1: Compute node time with load balancing and 110 VPRs.

4 DISCUSSION

4.1 Preliminary results

All the results were generated using set of 20 stereo image pairs of pixel dimension 512x128 with 8 bits per

pixel. This set is a cropped portion of an image sequence generated using a computer controlled motion table

and scaled helicopter dynamics recorded from 
ight [2]. Fig. 8 shows the full (512x512) 20th input image (left)

and the image with range-map overlay (right). The boxed region represents the 512x128 section processed

by the iWarp implementation. The range map is intensity coded, with low to high levels representing near

to far ranges. To date, two methods have been evaluated for partitioning the input data space.

The �rst method divided the image into 110 rectangular VPRs. The relatively large number of VPRs was

used to provide su�ciently �ne computational granularity for the static load balancer. Fig. 9a,b presents

the average and maximum node times for 16 compute nodes with and without balancing. As the �gure

shows, static balancing performs well and reduces load variance considerably. Table 1 lists the average

and maximum node times for increasing number of nodes using load balancing. The table shows that the

compute time decreases linearly as the number of nodes increases, which is as expected for well-balanced

computational loads. Communications testing, however, revealed that this method results in extremely

poor communications performance (approximately 0.1 MB/sec). Preliminary analysis indicated that the low

bandwidth was attributed to the data partitioning, which required intermediate block-to-block data copies.

To verify this hypothesis, the second method, which did not require block copies, was evaluated.

The second data partitioning method divided the image into 11 horizontal strips and assigned a single

VPR to each strip. Without the block data copies, a dramatic improvement in communications was realized,

with an average bandwidth of 27 MB/sec for data transfers. This method, using 11 slave PEs, was able to

process 317 features of the 20th master sensor image (512x128 pixel frame) with a loop time of 1.36 seconds.

However, since only a single VPR was assigned to each slave PE, load balancing was not performed and the

individual node times varied greatly (i.e., 0.084 to 1.16 seconds).
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Figure 9: E�ect of load balancing.
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Figure 10: Loop time detail (not including iWarp to Host I/O).



Fig. 10 details the loop time (time to process the 20th image pair) of the master PE for both partitioning

methods. These piecharts do not include the host I/O time, which is only indicative of the SIB's performance

and not of the parallel process. The graph on the left, corresponding to the �rst method, reveals that

nearly 65% of the loop time is spent in the send (data scatter) portion and that the implementation is

communications-bound. This is directly attributable to the low data bandwidth. The graph on the right,

representing the second method, illustrates that improved communications has changed the implementation

to be compute bound. With the higher bandwidth, the master PE spends 75% of its time waiting for the

slave PEs to complete processing.

4.2 Future work

Analysis of the initial iWarp implementation has indicated that performance could be greatly improved if

several re�nements are made. These include hand-coded assembly for critical sections, the elimination of

barrier synchronization calls, spooling for asynchronous communications, and re�ned network structure for

use on larger arrays.

Of these re�nements, the greatest bene�ts would likely result from assembly coding. Since the current

implementation is compute-bound, hand-coded assembly of critical sections could greatly increase execution

speed. This is particularly signi�cant since the implementation processes character data. Since the iWarp

is a 32-bit architecture, the loading of an individual byte requires more cycles than word loads. Assembly

coding could utilize word loads and dramatically reduce execution time, perhaps by a factor of 10-20.

5 CONCLUSIONS

The initial implementation of an optical 
ow range-estimation algorithm on the iWarp distributed-memory

multicomputer has been achieved. Two methods for input data partitioning were evaluated. The �rst

method, which partitions image data into rectangular regions, is amenable to static load-balancing and

shows linear speedup with up to 16 processors. This method, however, su�ers from poor communications

performance. The second method, which segments images via horizontal strips, achieves high-bandwidth

communications but does not provide su�ciently �ne computational granularity for e�ective load-balancing.

This latter method is able to process 317 features of the 20th master sensor image (512x128 pixel frame)

with a loop time of 1.36 seconds.

In the next phase of our research, we will re�ne the implementation to merge the positive aspects

of both data partitioning methods and to improve the overall performance. Our goal is to achieve real-

time performance and process ten frames per second with a maximum of 350 features. Given streamlined

computations and su�cient node memory, this is a realistic goal which we expect will be achieved.
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