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Abstract

Real-time data-intensive systems such as sonar beamformers and synthetic aperture
radar processors have traditionally required implementation in expensive custom hard-
ware. Current systems use off-the-shelf programmable processors in customized configu-
rations to reduce development cost. To reduce development cost and time further, we
consider the use of workstations as the target architecture and design environment. We
present a general approach for realizing real-time data-intensive systems in software on a
multi processor workstation.

First, we present several dataflow models which are commonly used to describe sys-
tems of this nature. Second, we present a framework for developing scalable software
implementations of signal and image processing systems on workstations. The framework
models the concurrency and paralelism in these systems using Process Networks. The
Process Network model guarantees determinate execution of concurrent programs regard-
less of the scheduling algorithm used. We employ a scheduling algorithm that always finds
abounded execution if one exists. Third, we implement the framework in C++ using light-
weight real-time POSI X threads.

We use two case studies to evaluate the performance of our framework: a high-resolu-
tion 3-D sonar beamformer, and a synthetic aperture radar processor. On a Sun Ultra
Enterprise workstation, the 4-GFL OP beamformer exhibits near-linear speedup using 1 to
12 processors and executes in real -time with 12 336-MHz UltraSPARC-I1 processors.
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1. Introduction

High-performance, high-throughput real-time systems, on the order of a billion (giga-) floating-
point operations per second (GFLOPS) and 100 MB/s of data 1/0, have traditionally required
implementation in expensive custom parallel hardware. Examples of these systems that perform
signal and image processing operations include high-resolution sonar beamformers, synthetic
aperture radar (SAR) processors, and multichannel image restoration systems at video rates.
These systemstypically exhibit computational parallelism in both space and time. The non-recov-
erable engineering cost for custom hardware development may make this approach prohibitively
expensive because these systems are not typically sold in high volumes. Because of technological
advances following Moore’s Law, problems requiring computation on the order of GFLOPS can
now be solved using commercial programmable processors.

The more recent “second-generation” approach connects dozens of commercia programma-
ble processors in customized configurations, e.g. using a VME backplane. Using this approach,
one 4-GFL OP sonar beamformer requires about 100 80-MFLOPS Anaog Devices SHARC digi-
tal signal processors. Although using commercial off-the-shelf (COTS) components reduces hard-
ware devel opment cost and time over custom parallel hardware, software devel opment and system
integration and testing are difficult and costly. Partitioning the algorithm among several dozen
processors while guaranteeing synchronization is difficult, and debugging the software is difficult
due to low observability of program state. Once complete, the software developed for a custom
COTS configuration is closely tied to the hardware topology, thereby making it difficult to reuse
source code or change configuration in the field.

For the next generation of these systems, we advocate the use of commodity multiprocessor

workstations. Modern multiprocessor workstations are capable of native signal processing [1]
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with GFLOPS performance. For a workstation implementation, development cost and time are
significantly reduced compared to that for custom hardware or an embedded COTS system with
the same level of performance. By implementing high-performance, high-throughput real-time
systems in software on commodity high-performance workstations, we take advantage of
advances in commercial workstations, thus sharing hardware development costs with the high-
volume workstation server market. We also reduce software development efforts because mature
high-volume operating systems and tools can be used. Workstations also offer better software
portability, and better hardware upgradability and maintainability than embedded COTS solu-
tions. Because the devel opment environment and target architecture are the same, the design tools
can be deployed with the design for in-the-field changes, thereby making the target system
dynamically reconfigurable. Also, development can be performed on less powerful workstations,
which makes multiple sets of target hardware available.

In an embedded COTS system, the system is often partitioned into a very large number of
pieces, where each piece is statically scheduled. Dynamic scheduling has no real advantage in an
embedded COTS system because tasks cannot migrate among processors for load balancing.
Static scheduling eliminates run-time overhead, but the resulting program is dependent on the spe-
cific hardware topology for which the schedule was determined. Static scheduling may also be
wasteful for algorithms which take a varying amount of processing time, because the scheduler
must account for the worst case.

Dynamic scheduling requires an operating system and incurs a run-time overhead. Modern
workstation operating systems dynamically schedule processes to balance the workload among
available processors, thus giving efficient utilization. Thisload balancing is called symmetric mul-

tiprocessing (SMP) [2]. Unix extends this type of load balancing to threads. A thread is an inde-
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pendent flow of control within a process. Each thread has its own registers and stack, but shares
data and code space with the rest of the process. The Portable Operating System Interface
(POSIX) [3] provides a standard thread library, called Pthreads. Pthreads have low overhead, and
can be scheduled with a fixed real-time priority. By partitioning software systems using large
granularity threads, we reduce the scheduling overhead by reducing context switches.

Two inherent problems with concurrent programming are deadlock and non-determinate
behavior. Deadlock occurs when execution halts prematurely. Non-determinate behavior occurs
when different executions of the same program yield different results, and is generally due to the
use of a shared resource by multiple threads without proper synchronization. Proper synchroniza-
tion between threads can guarantee determinate behavior, but can reduce parallelism and intro-
duce deadlock. The Process Network model of computation [4,5] captures concurrency and
parallelism, provides for correctness and liveness, and guarantees determinate execution regard-
less of the scheduling algorithm used. Dynamic scheduling based on the availability of data
allows execution in bounded memory [6].

In this paper, we present a formal framework for developing scalable software implementa-
tions of high-performance high-throughput signal and image processing systems. The framework
models the concurrency and parallelism in these systems using the bounded memory Process Net-
work model. We implement the framework in C++ using POSIX threads to obtain low overhead,
high performance, and scalability. We evaluate the framework with two case studies: a sonar
beamformer and a SAR processor. Our 4-GFL OP beamformer case study on a Sun Ultra Enter-
prise workstation achieves near-linear speedup over 1 to 12 processors, and meets real-time con-
straints using 12 UltraSPARC-I1 processors running at 336-MHz. Table 1 compares the cost and

volume for three generations of 4-GFL OPS sonar beamformers.
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Custom Embedded Commodity
Hardware COTS Workstation
Development cost $2M $500K $100K
Development time 2 years 1 year 6 months
Physical Size (m®) 3.0 3.0 4.0
Reconfigurability low medium high
Software portability low medium high
Hardware upgradability low medium high

Table 1: Three generations of low-volume 4-GFL OP sonar beamformers (under 50 units).
Estimates are based on 1999 technology. The last column is the case study third-generation sonar
beamformer developed in this paper.

2. M odels of Computation and Communication
The computation and communication in signal and image processing systems are commonly
modeled as dataflow systems. For dataflow models, a program is represented as a directed graph.
The arcs of the graph represent one-way FIFO queues for communication of tokens. The nodes of
the graph represent actors, which have firing rules that specify when the actor can fire. When an
actor fires, it consumes input tokens and produces output tokens. Each actor may have any num-
ber of incoming or outgoing queues, and may communicate with other actors only through these
gueues. A streamis a sequence of tokens, and a process which is formed from repeated actor fir-
ingsis called a dataflow process|[6]. Fig. 1 shows an actor firing.

We call aprogram determinateif the results (the tokens produced on the communication chan-

nels) are the same regardless of which order the actors fire. Obvioudly thisis a desirable property

for a dataflow model; if thisis not the case, then the results depend on the execution order of the

\ \
_e —
Fig. 1: Dataflow actor “A” firing by consuming two input tokens and producing one output token.
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actorsin the program. The state of the graph is the number of tokens on each arc.

Termination is an additional property of a dataflow program. The unique least fixed point of
the state of the dataflow graph determines the total length and value of every stream in the pro-
gram, but many possible execution orders that lead to this solution may exist. In a terminating
program, al streamsin the least fixed point solution are finite in length. A non-terminating pro-
gram contains at least one stream in the least fixed point solution that isinfinitely long. Just asit is
impossible to decide (in finite time) whether or not a Turing machine will halt, it isimpossible to
determine if a dataflow graph that is Turing complete will terminate. Termination is a property of
the program and does not depend on execution order. A terminating program has reached a com-
plete execution if no actor is capable of firing.

Another important property of a dataflow program is boundedness. A program is bounded if
token accumulation on any channel will not exceed some finite constant. In a strictly bounded
program, token accumulation on any channel will not exceed some finite constant for all execu-
tions. A program is unbounded if at least one channel is not bounded for all complete executions.
Although the total stream lengths are a property of the program, the number of unconsumed
tokens that can accumulate on communication channels depends on the execution order [6].

Severa determinate dataflow models have been devel oped, including (from morerestrictive to
more general) Synchronous Dataflow (SDF), Computation Graphs (CG), Boolean Dataflow
(BDF), and Dynamic Dataflow (DDF). For SDF and CG, which are not Turing complete, program
properties (such as termination and boundedness) are decidable, and scheduling can be performed
statically. BDF and DDF are Turing complete, and in general, must rely on dynamic scheduling.
Fig. 2 shows a Venn diagram for these dataflow models of computation. The Process Network

model is a superset of dataflow models.
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CG ) BDF ) DDF

Fig. 2: Dataflow models of computation. The Process Network model is a superset of dataflow
models.

2.1. Synchronous Dataflow
When an actor in a Synchronous Dataflow [7] program executes, it always produces and con-
sumes the same fixed number of tokens. Additionally, the flow of data through the graph may not
depend on values of the data. Because of these restrictive properties, the questions of termination
and boundedness are decidable in finite time. Therefore a static, finite schedule can be constructed
at compile time, and both the flow of control and token accumulation are known. This static
schedule can be periodically repeated to implement a dataflow process that operates on infinite
streams of data tokens. The consequence of this static scheduling is that an SDF graph may not
contain data-dependent switch statements such as an if-then-else construct or data-dependent iter-
ation such as afor loop.

A complete cycle is a sequence of actor firings that returns a graph to its original state. To
determine a static schedule, we must first determine the number of firings of each actor to balance
the graph, such that the total number of tokens produced on each arc is equal to the total number

consumed. For the program in Fig. 3, node A must fire 3 times, node B must fire 4 times, and node

Fig. 3: A balanced SDF program.
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C must fire 2 times to balance the number of tokens produced and consumed. The next step is to
schedule the firings required by balancing so as to resolve the data dependencies. Multiple valid
schedules may exist. Valid schedules for Fig. 3 include { AAABBBBCC} and { ABABCABBC}.
In terms of memory usage, the latter schedule is optimal because it requires the least amount of
data buffering (6 tokens on arc P and 4 tokens on arc Q).

This type of operation is well-suited to multirate digital signal processing and communica-
tions systems. Indeed, this model has met some commercial success, and is utilized in such design
automation packages as HP EEsof’s Advanced Design System [19] and Cadence Design’s Cierto

Signal Processing Work System [20].

2.2. Computation Graphs
Karp and Miller [8] Computation Graphs are a slightly more general model. Here, each arc has
four non-negative integer constants associated with it:

e A-The number of tokensinitially present.

e U - The number of tokens inserted each time the producer node fires.

* W- The number of tokens removed each time the consumer node fires.

e T - The number of tokens required to be in the arc before the consumer can fire.
Clearly T2 W. The questions of termination and boundedness are decidable in finite time, and
Computation Graphs can be statically scheduled. Karp and Miller provide iterative algorithms to
determine these properties based on the above constants.

What separates Computation Graphs from SDF is that the threshold number of tokens
required to fire a node (T) need not match the number of tokens consumed upon firing that node

(W). SDF is the special case where T=W for every edge. We will leverage thisfiring threshold in
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our framework to allow efficient implementation of nodes which require more tokens than they

consume (e.g. digita filters).

2.3. Boolean Dataflow and Dynamic Dataflow

Boolean Dataflow and Dynamic Dataflow add data-dependent control flow (if-then-else state-
ments and for loops) and are Turing complete. Dynamic Dataflow additionally supports run-time
recursion. With the addition of these constructs, termination and boundedness are no longer
decidable in finite time. This means that static scheduling is no longer possible — the schedule

must be determined dynamically, as the program executes.

2.4. The Process Network Model
Kahn Process Networks are a concurrent model of computation that is a superset of dataflow
graphs. Like dataflow graphs, Process Network programs are described by a directed graph, where
each arc represents a FIFO queue for communication. Here, each node of the graph represents an
independent, concurrent process. A Process Network can be thought of as a set of Turing
Machines connected by one-way tapes, where each machine has its own working tape [4]. Figure
4 shows a sample Process Network program.

For Process Networks, a node suspends execution when attempting to consume data from an
empty queue, and cannot detect the presence or absence of data in that queue. Hence, reads are

blocking. However, nodes are never suspended for producing data. Hence, writes are non-block-

Fig. 4: A simple Process Network program. Processes A and B execute concurrently, and A sends
datato B through a one-directional channel (FIFO queue) P.
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ing. Non-blocking writes can cause unbounded accumulation of data on a given queue, so queues
are of infinite length.

A Process Network program is determinate: the results are the same for every possible execu-
tion order. This model guarantees correctness regardless of the choice of scheduling algorithm
(e.g. data-driven or demand-driven) or implementation style (e.g. sequential, distributed, or paral-
lel). The problems of determining whether a Process Network program will terminate, and
whether it can be scheduled in bounded memory are undecidablein finite time. In this context, the
scheduler must work dynamically, as the program executes.

For Process Networks, termination and total stream length are properties of the program and
do not depend on the execution order. However, the number of tokens that can accumulate on
communication channels depends on the choice of execution order. Using Fig. 4 as an example, if
the nodes are executed as { ABAB...}, then channel P must buffer only one data element. How-
ever, if process A executes an infinite number of times before B executes, then the queue P must
buffer an infinite number of data elements.

Infinitely large queues cause obvious problems; execution in bounded memory is necessary
for any practica implementation. Any arbitrary Process Network can be transformed into a
strictly bounded one by adding a feedback channel for every data channel and modifying each
process. Fig. 5 shows how the simple bounded network in Fig. 4 can be made strictly bounded.
However, this method could introduce artificial deadlock, thus transforming a non-terminating

program into a terminating one.
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P

Fig. 5: A strictly bounded Process Network.

Rather than transform the Process Network, Parks devel oped rules for dynamic scheduling in
bounded memory [6]. Parks lists two requirements for the scheduler:
1. Complete Execution — The scheduler should implement a complete execution of the
Process Network program (or execute it forever if the program is non-terminating).
2. Bounded Execution — The scheduler should (if possible) execute so that only a
bounded number of tokens ever accumulate on any of the communication channels.
When these two requirements conflict (such as for unbounded programs), requirement 1 takes
precedence over requirement 2. That is, a complete, unbounded execution is preferable to a par-
tial, bounded one.
Parks also shows that the following rules will yield a bounded schedule, if one exists:
1. Block when attempting to read from an empty queue.
2. Block when attempting to write to afull queue.
3. If wereach artificial deadlock, which occurs when execution has stopped because pro-
cesses are blocked writing to full channels, then increase the capacity of the smallest
full queue until the producer associated with it can fire.
This bounded scheduling policy has the desired behavior for all types of programs — terminating
or non-terminating, strictly bounded, bounded, or unbounded. Now any scheduler will work,

because any execution leads to bounded buffering on the queues. Bounded scheduling of Process
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Networks is well-suited for implementation using the threaded model of concurrent program-

ming.

3. Design Framewor k

This section presents a framework for modeling the concurrency and parallelism in scalable soft-
ware programs using Process Networks [4,5]. The Process Network model guarantees determi-
nate execution and correctness regardless of the scheduling algorithm being used. The bounded
scheduling algorithm [6] permits a workstation implementation that efficiently utilizes multiple
Processors.

Our framework extends Process Networks by borrowing the concept of afiring threshold (T)
from Computation Graphs [8]. Having a consumer (input) threshold is useful for “overlapping”
algorithms which require access to more tokens than they consume, such as digital filters. Having
a producer (output) threshold is useful for algorithms that have an unknown number of outputs,
such as a prime sieve or highlight detection processing. These thresholds also aid efficient imple-
mentation, because node computations can operate directly in queue memory, which avoids the
copying of datainto the local memory of a node.

An additional goal of this framework is to decouple the computation (nodes) from communi-
cation (queues). This alows compositional programming of correct, scalable paralel programs
from alibrary of computational nodes, while also allowing node clustering for reduction of sched-
uling overhead. Although the case studies presented in this paper can be modeled as SDF, our
framework dynamically schedules the programs so that execution on a symmetric multiprocessing
system can effectively utilize parallel hardware. Static scheduling of algorithms across multiple

processors is beyond the scope of this implementation.
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3.1. Implementation

Our implementation of the Process Network framework isintended for high-throughput computa-
tionally intensive algorithms on server-class symmetric multiprocessing workstations. Our imple-
mentation uses C++ template data types, and uses a layered approach based on the C++
inheritance mechanism to build interfaces and functionality. This scalable software framework is
built upon a highly portable POSIX Pthread class library which can execute on many different
Unix operating systems.

3.1.1. Queues

The ThresholdQueue C++ classis near the base of the inheritance hierarchy, and is optimized for
data-intensive applications. The ThresholdQueue works much like atypical queue, but isintended
to make up for the lack of circular address buffersin general purpose processors. Because Thresh-
oldQueue is a C++ template class, it can queue any type of data. In order to prevent unnecessary
copying of data, pointers are used to read and write data directly from queue memory, and datais
guaranteed to be contiguous in memory. This reduces overhead, and simplifies the implementa-
tion of algorithms that interface to these queues.

The Karp and Miller concept of separating the firing threshold (T) from the dequeue count (W)
is fundamental to the ThresholdQueue. In addition to the type of data being queued, instantiation
requires the total queue length and a maximum threshold of the number of elements that will ever
be requested (input or output). This threshold is the maximum of the Computation Graph parame-
tersU, W, and T for a queue as described in Section 2.2.

The basic interface to the ThresholdQueue is reused throughout the Process Networks imple-
mentation, and uses pointers to avoid data copying by the user. A transaction with a Threshold-

Queue is athree-step process:
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1. Get apointer to some number of contiguous data elements with the GetEnqueuePtror Get-
DequeuePtr method, each of which takes a threshold and returns the pointer.
2. Operate on the data by de-referencing the pointer, up to the threshold length.
3. Actualy insert or remove the data by calling the Enqueue or Dequeue method, each of
which takes a data count.
The threshold and count values are not static, and may change on each queue transaction. The
count must always be equal to or less than the threshold, although thisis not strictly enforced. For
enqueueing, Computation Graphs require that the count and the threshold are equal. However, that
is not the case in this framework.

The ThresholdQueue implements its apparent circular addressing by mirroring the beginning
of the queue’s data region (up to the maximum threshold) just past the end of the queue's data
region. Using this methodology, the queue can provide a pointer to a contiguous block of dataele-
ments even when operating near the end of the data region. The queue manages this mirroring,
and guarantees that the same data resides in both locations. Fig. 6 illustrates the ThresholdQueue
implementation.

The ThresholdQueue has a trade-off between memory usage and overhead. When the data
region is much larger than the mirror region, the queue rarely needs to copy data. When the mirror
region is as large as the data region, copying must occur frequently, thereby increasing overhead

and sacrificing performance. Fortunately, memory is usually abundant on a workstation.

Mirrored data

\ /\ /
N N

Queue data region Mirror region

Fig. 6: Mirroring for circular addressing in the ThresholdQueue implementation.
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On some Unix operating systems, such as Sun Solaris, the virtual memory manager can be
used to prevent the ThresholdQueue from ever having to copy data when managing the mirror
region. The system call mmapis used to map virtual memory objects into the address space of a
process. By mapping a shared memory object to multiple virtual addresses, the same physical
memory pages appear at multiple locations, and apparent circular addressing is achieved. As a
side effect, the queue data and mirror regions must both be multiples of the system memory page
size, which is8 kb in Solaris. In this case, the queue size and threshold size are rounded up to the
next multiple of the page size. Using mmap allows the queue circularity to be maintained by the
hardware of the virtual memory manager, and can result in a significant performance gain. For the
beamformer case study in Section 4.4, the virtual memory manager prevents a slowdown of 7.5%
due to data copying.

3.1.2. Process Nodes

Each node in the Process Network program corresponds to a thread. These multiple threads can
run concurrently when the program has parallelism, and thus can take advantage of multiple pro-
cessors. Thread implementations are generally intended to provide high performance with low
overhead. POSIX provides a standard thread interface, called Pthreads. Pthreads can be given
real-time scheduling priority. By realizing Process Networks with POSIX Pthreads, our imple-
mentation can be run on many different Unix platforms. Since all nodes are derived from a
PNNode base class, porting this system to a different thread implementation is relatively simple,
requiring only a change to the PNNode class.

3.1.3. Node Granularity

Many signal processing algorithms are modeled using directed graphs, in which each node repre-

sents fine-grain computations such as addition and multiplication [11]. For example, the fast Fou-
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rier transform (FFT) butterfly may be modeled in this manner. However, afine level of granularity
is inappropriate for this implementation, because the overhead of dynamic scheduling will domi-
nate the overall execution time.

We use nodes of larger granularity — such as an FFT node, afilter node, or abeamformer node.
The graphs drawn using this methodology are essentially block diagrams. The cost of firing a
node should be much larger than the cost of a lightweight thread context switch (about 10 nsfor
the Sun Solaris Operating System). However, if the computation of a node is too costly, then the
node may need to be divided into smaller piecesin order to runin rea time. Generaly, atrade-off
exists between overhead, latency, and parallelism.

3.1.4. Communication Channels

Since the only way that nodes can communicate with each other is via communication channels,
an abstracted interface to these channels is provided by the classes PNNodelnput and PNNode-
Output. These are virtual base classes and therefore cannot be instantiated — they only provide an
interface for writing process nodes. Now each node is not concerned with the implementation of
the communication channels, but instead only the interface.

These classes use the same transaction mechanism as the ThresholdQueue. Here, the methods
GetDegueuePtr and GetEnqueuePtr are intended to be blocking. That is, they will not return until the
threshold amount of data (or free space) is available. This interface obeys Parks rules for
bounded scheduling of Process Networks, as described in Section 2.4. Fig. 7 shows a partial dec-
laration of PNNodel nput and PNNodeOutpui.

Because of the abstracted interface to the communication channels, many different implemen-
tations could exist. A channel could send data to another process via shared memory, or to another

computer through a network. A channel could also save its entire history to disk for program veri-
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template<class T> class PNNodelnput {
virtual const T* GetDequeuePtr(ulong threshold) = 0;
virtual void Dequeue(ulong count) = 0;
// others omitted for brevity

}:

template<class T> class PNNodeOutput {
virtual T* GetEnqueuePtr(ulong threshold) = 0;
virtual void Enqueue(ulong count) = 0;

// others omitted for brevity

Fig. 7: A partial declaration of PNNodelnput and PNNodeOutput.

fication or debugging. However, most of the time datawill simply be sent from one node (thread)
to another within the same process. The primary mechanism for this is the C++ template class
PNThresholdQueue, derived from the ThresholdQueue class described in Section 3.1.1.

This class is multiply inherited from the classes PNNodel nput, PNNodeOutput, and Thresh-
oldQueue. Since it is derived from PNNodelnput and PNNodeOutput, it can be used as the input
or output of any process node. It is responsible for blocking any nodes according to bounded
scheduling rules. To minimize latency, the POSIX Pthread condition variable mechanism is used
to awaken a blocked node as soon as it can continue executing.

At this time, deadlock detection as described in Section 2.4 is not implemented. For the class
of real-time problems that this implementation is intended to solve, deadlock detection is not nec-
essary —itisrequired for avoiding artificial deadlock, and for execution of unbounded programs.
In this implementation, queues are generally allocated to be much larger than their minimum pos-
sible (deadlock avoiding) size, because of the performance reasons described in Section 3.1.1.
Unbounded programs have no place in real-time implementations. However, the addition of dead-
lock detection would make this a more complete implementation of the Process Network model,

and may be implemented in the future.
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typedef float T;

while (true) {
// blocking calls to get in/out data pointers
const T* inPtr = inputQ.GetDequeuePtr(inThreshold);
T* outPtr outputQ.GetEnqueuePtr(outThreshold);

DoComputation( inPtr, inThreshold, outPtr, outSize );

// complete node transactions
inputQ.Dequeue(inSize);
outputQ.Enqueue(outSize);

inputQ outputQ

Fig. 8: A sample Process Network node.

3.2. Examples

Toillustrate the use of our framework, we show the code for a sample node, and then we construct
a sample Process Network program. Fig. 8 shows the code to implement a sample node. The
thread implementing this node (and running this code) will block on GetDequeuePtr until inputQ has
inThreshold data tokens available. It will then block on GetEnqueuePtruntil outputQ has free space for out-
Threshold data tokens. The thread is now free to perform the computation with the two arrays, inPtr
and outPtr. After completion, the node notifies the input queue to release inSize data tokens, and then
notifies the output queue to insert outSize data tokens.

Thisinterface obeys the rules for bounded scheduling of Process Networks, and the thresholds
and sizes can be different on every firing. Also, the node computation isisolated from the commu-
nication. This node could be operating on a continuous overlapping stream of data, but the imple-
mentation is not concerned with that detail.

A sample Process Network graph and the code to implement it are shown in Fig. 9. Thearcs P
and Q are used to connect nodes A, B, and C. Recall that the parameters to the queue constructor
are the queue length and the maximum threshold. This program spawns three threads and could

utilize three processors.
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int main() {
PNThresholdQueue<T> P (queuelLen,maxThreshold);
PNThresholdQueue<T> Q (queuelLen,maxThreshold);

MyProducerNode A (P);
MyTransmuterNode B (P, Q):
MyConsumerNode C (Q;

Fig. 9: A sample Process Network program and the C++ code to implement it.

Currently, we only provide support for building a Process Network by programming in the

C++ language. A future goal isto support building parallel programs from atext file or agraphical

user interface.

4. Case Study #1. Sonar Beamfor mer

Sonar is amethod for detecting and locating objects using acoustic waves. Sonar can be used for

navigation, to identify hazardous or hostile objects, and to map terrain features in the surrounding

environment. Fig. 10 shows a sample underwater environment with a navigational hazard.

A A A A A A A A A A

Sonar Hazard

platform

Beam of
coverage

Side view
(vertical coverage)

Fig. 10: A sample underwater environment.
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High-resolution sonars generally consist of an array of underwater sensors along with a
beamformer [12] to determine from which direction a sound is coming. The higher the resolution
of a sonar system, the more accurately the location of an object can be determined. To achieve
high resolution over awide coverage area, alarge number of beams may be formed. Fig. 11 illus-
trates a high resolution, multi-beam sonar with several narrow horizontal beams covering a wide
horizontal sector.

The sensor element outputs must be combined to form these multiple narrow beams, each of
which “looks’ in a single direction and is insensitive to sound in neighboring directions. This
combination must be performed with precise time delays and amplitude weighting applied to the
sensor outputs. As aresult, beamforming for high-resolution sonar systemsis extremely computa-
tionally intensive.

We prototype a 3-D beamformer which utilizes both horizontal and vertical elementsto image
an underwater environment. Fig. 12 shows a block diagram of the beamformer, where each stage
corresponds to a node in the Process Network implementation. The sensor array consists of 80

elements horizontally by 10 elements vertically, for a total of 800 elements. Digital data comes

Top view
(horizontal coverage)

Fig. 11: Ahead-looking horizontal beam coverage for a sonar system. Multiple sensor outputs are
combined to form each beam.
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Fig. 12: A block diagram of the beamformer.

from the sensor array via four telemetry links, each at 40 Mb/s. First, the vertical beamformer
weights and sums the vertical elements, thereby calculating the vertical response of 80 logical
horizontal elements (staves). Three different sets of vertical weights are used to calculate 3 sets of
stave outputs. Second, three horizontal digital interpolation beamformers compute 61 beams each,

consuming the bulk of the computational requirement in the system.

4.1. Vertical Beamfor mer
For every horizontal position in the array, there are multiple vertical transducers. Each vertical
sensor column is combined into a stave. For each sample of the array, one dot product per stave
per vertical shading set (or fan) must be calculated. Although this has been described as a 500
MFLOPS algorithm, note that it is actually performed with integer arithmetic, because the sam-
pled sensor element dataisin an integer format. After calculation, this stage must perform integer-
to-float conversion, and interleave the telemetry links for the following horizontal beamformers.
In implementing the integer arithmetic, the best performance on an UltraSPARC-II processor
was obtained by using the Visual Instruction Set (VIS) [13]. The highest precision (and slowest)
mode of VISwas required — 16-bit by 16-bit multiplication and 32-bit accumulation. In this mode,

the peak multiply-accumulate (MAC) performance is only one operation per cycle (on average),
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compared to two operations per cycle for floating-point. Despite the peak performance numbers,
the VIS version is more than twice as fast as the floating-point version, because the overhead of
the integer-to-floating point conversion is effectively eliminated [14].

Because of the high data rates at the vertical beamformer, memory latency hiding techniques
are utilized to increase performance. Hand-coded software data prefetching [23] increases kernel
performance by 34% by reducing load and store stalls. Although the vertical beamformer is per-
formed with integer math using VIS, we measure the performance in MFLOPS for the sake of
comparison. For the vertical beamformer kernel, we achieve 313.3 MFLOPS on a 336 MHz pro-

cessor, which is 93% of peak [14].

4.2. Horizontal Beamfor mer
The horizontal beamformer utilizes time-domain beamforming, which is realized by weighting,
delaying, and summing the outputs of the sensor array. In a digital system, the sensors are sam-
pled at just above the Nyquist rate, and digital interpolation is used to achieve the desired time-
delay quantization. This technique is called interpolation beamforming [9,10]. Fig. 13 shows a
digital system with an interpolation beamformer. Multiple different beams are formed in parallel
from the sensor data. For this system, each of the three horizontal beamformers compute 61
beams from the 80 staves. Floating-point numbers are used to preserve the desired dynamic range.
The horizontal beamformer kernel implementation for the UltraSPARC-II processor utilizes
highly optimized C++ with loop unrolling, using the SPARCompiler5.0. The compiler did not
generate software prefetching instructions, and attempts to improve performance with hand-inser-
tion were unsuccessful. The horizontal beamformer kernel operates at 440 MFLOPS on a 336

MHz processor, which is 60% of peak [14].
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Fig. 13: Digital interpolation beamformer with a digitizing sensor array.

4.3. Prototype of a 4-GFLOP 3-D Sonar Beamfor mer

We construct a prototype beamformer by connecting the beamformer kernels in the Process Net-
work framework according to Fig. 12. Implementation of a node that simply calls a beamformer
kernel routine is straightforward, but cannot achieve real-time performance. A method for divid-
ing the beamforming task in time is needed for a real-time workstation implementation. In order
to divide this calculation without copying data, a beamformer node manages athread pool, which
Is a common workstation multiprocessor programming strategy [15].

In the thread pool model, a manager task creates a fixed number of worker threads at initial-
ization time which survive for the duration of the program. When the manager has work to do, it
places a request on a queue. Workers remove requests from the queue and process them. When a
beamformer node fires, it queues a request to each of several worker threads, and then blocks on
each worker thread, to wait for completion. The number of worker threads can easily be increased
or decreased as the processing performance requires. Four threads are allocated to each Process
Network beamformer node, which is more than enough to keep up with the real -time requirement.

This thread pool can also be modeled as a Process Network [16].
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4.4. Performance Results

We benchmark the Process Network beamformer, comparing its performance to a thread-pool
beamformer and to the sequential kernel performance. These benchmarks were performed on a
Sun Ultra Enterprise 4000 with twelve 336-MHz UltraSPARC-11 processors and 3 GB of RAM.
We used the Sun Solaris 2.6 operating system, with threads executing in the “real-time” class. All
results are determined as the average time over 100 trials to calculate 2.6 s of data. This bench-
mark uses over 400 Mb of element dataand requires over 10 billion floating-point operations. Per-
formance is measured as execution time, and MFLOPS are computed from execution time. We
ensure that incoming data was not cached before the benchmarks were performed.

Fig. 14 shows performance results. The Process Network framework has alow overhead; on a
single processor, the framework causes a slowdown of less that 0.5%, compared to sequential ker-
nel performance. The Process Network beamformer program scales almost linearly from one to
twelve processors; on twelve processors, the speedup is 11.28, which is an efficiency of 94%. Our
real-time goal of about 4.1 GFLOPS is met with 10.5 336-MHz UltraSPARC-II processors. On
twelve processors, it operates with 14% to spare.

The thread pool implementation first calculates three sets of stave data from the element data,
using a vertical beamformer with eight threads. Then, three eight-thread horizontal beamformers
sequentially execute, calculating beam results from the stave data. On eight processors, the Pro-
cess Network beamformer performs about 7% faster than the thread pool beamformer. It also has
lower latency and uses less memory — the communication channels in the network need only be
large enough to prevent artificial deadlock. In this comparison, the resulting memory size is
reduced by over 20 percent. Because it is more “stream” oriented, it is better suited for real-time

execution. All nodes are independently operating all of the time, as the flow of data permits.
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Fig. 14: Beamformer benchmark results using 336-MHz UltraSPARC-II processors. The results
show near-linear speedup.

Although the memory, latency, and scheduling issues could be better addressed in the thread
pool implementation, these advantages come automatically when using the bounded Process Net-
work framework. An additional advantage of the Process Network implementation is that the pro-
gram is scaled by the operating system according to the number of available processors. The
thread pool beamformer was written specifically for eight processors. Utilizing more processors
requires more worker threads, and arbitrarily creating large numbers of worker threads causes
unnecessary overhead (and reduced performance). The Process Network beamformer scales with-
out any change to the executable. If there were more processors than the sum of all worker
threads, those processors would not be utilized. However, those extra processors are not needed

for the system to meet its real-time goal .
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5. Case Study #2: SAR Processor

Synthetic aperture radar (SAR) is used to collect high-resolution image data, typically of the
Earth’s surface. SAR systems can be deployed from aircraft or spacecraft, and are used in awide
variety of applications, including estimating terrain topography, classifying land surfaces, and car-
tography. SAR is also used to identify man-made objects. Such object identification typically
requires SAR processing to be performed in real-time, and is usually implemented by means of a
COTS embedded signal processor. Fig. 15 shows a sample airborne SAR system.

The length of aradar antenna determines the resolution in the azimuth (along-track) direction
of theimage: the longer the antenna, the finer the resolution in this dimension. SAR is atechnique
used to make an antenna longer synthetically by combining signals received by the radar as it
moves along its ground track. As the radar moves, a pulse is transmitted at each position and the
return echoes pass through the receiver and are recorded in an echo store. These multiple echoes

can be combined and focused on a single point, effectively increasing the length of the imaging

Azimuth

" Imaging swath.”

Fig. 15: An aircraft-based SAR system.
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Fig. 16: A block diagram of the SAR processor. The SAR processor requires about 1 GB of mem-
ory and 1.1 GFLOPS of computation for a real-time implementation.

antenna. This focusing operation is commonly known as SAR processing. This requires precise
knowledge of the relative motion between the platform and the imaged objects, and is computa-
tionally intensive.

We prototype a SAR processor which utilizes data collected from the M.I.T. Lincoln Labora-
tory Advanced Detection Technology Sensor, an aircraft-based 35 GHz Ka-band SAR sensor with
an on-board data recording system [17]. The SAR processor we implement was used as the first
benchmark case for the Rapid Prototyping of Application Specific Signal Processors (RASSP)
project at Lincoln Laboratory [18], sponsored by the Advanced Research Projects Agency. Fig. 16
shows a block diagram of the SAR processor. For three different polarizations, complex baseband
demodulation and filtering, range compression, and azimuth compression are performed. This
system requires about 1.1 GFLOPS of processing power.

The complex baseband demodul ation and filtering node will most likely be implemented with
VIS. This node converts the real sampled data to in-phase and quadrature complex data, and then
performs filtering with an eight-tap finite impul se response filter, which amounts to a dot-product
of two eight-element vectors per input sample. This node also converts the incoming integer-for-
mat data to single-precision floating-point datafor the subsequent stages.

In range compression, the 2024 uncompressed samples of each pulse are transformed into a

compressed range pulse with 2048 samples. First, amplitude weighting is performed to reduce
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Fig. 17: A typica SAR image.

sidelobes. Next, zero padding expands the pulse to 2048 samples. Finally, a 2048-point fast Fou-
rier transform (FFT) is executed. Each of the 2048 resulting samples can be thought of as consti-
tuting arange gate [18].

Azimuth compression is performed using cross-range convolution filtering. Each processing
frame from the echo store contains 512 pulses, which is an array of 2048 x 512 complex samples.
Convolution is performed in the frequency domain using FFTs with the overlap-and-save method
[11]. For each of the 2048 range gates, a 1024-point FFT, 1024 complex multiplications, and a
1024-point inverse FFT are performed. This yields 2048 x 512 samples of image data. A typical
SAR image output is shown in Fig. 17.

Sample source code and data sets for this SAR processor are available for download on the
Web [21]. We propose to implement this processing within the bounded Process Network frame-
work, which would give a high-performance, scalable implementation. This prototype SAR pro-

cessor is being developed in collaboration with the UT Center for Space Research.
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6. Conclusion

Traditionaly, expensive custom hardware has been required to implement real-time signa and
image processing systems. While the current generation of embedded COTS technology reduces
development costs over custom hardware, software development and system integration are still
costly and time consuming. To reduce development and integration costs, we consider the use of
commodity multiprocessor workstations as target architectures. A workstation solution offers bet-
ter software portability, reconfigurability, maintainability, and upgradability than COTS solutions.

We describe a formal framework for developing scalable software implementations of high-
performance high-throughput signal processing systems. The framework is based on the Process
Network model of computation which captures concurrency and parallelism in data-intensive sys-
tems. The Process Network model provides for correctness and determinacy, and can guarantee
execution in bounded memory.

We implement the framework in C++ using lightweight real-time POSIX threads. This low-
overhead, high-performance framework removes the dependency of the software on the hardware
topology. Systems using this framework scale automatically. That is, the operating system dynam-
icaly schedules the threads to balance the workload among the available processors. When the
workstation is both the development platform and the target architecture, development can be per-
formed on less powerful workstations, multiple sets of development hardware are available, and

the electronic design automation tools can be deployed with the design.

7. FutureWork
The sonar beamformer case study has already proven to be a valuable data analysis tool at ARL,
and the possibility existsthat it will become a deployable real-time system. For my dissertation, |

propose to analyze the formal properties of this framework, while adding enhancements and
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extensions. | also propose to include additional case studies, and investigate the integration of this

framework with rapid prototyping tools.

7.1. Framewor k Enhancements and Extensions

A planned enhancement is the ability to support busses of streams on an arc (e.g. multiple beams
in a sonar system). Each arc would contain multiple identical channels, each with the same num-
ber of tokens, but different data values. | do not believe this affects the formal properties of the
framework, but may serve to ease implementation and increase performance by modeling data
parallelism and reducing overhead.

A desirable feature of this framework would be the ability to support multiple executions of
the same program graph (e.g. multiple pings in a sonar system) through flushing and re-arming.
Insertion and initialization of data tokens on flushing and re-arming would be useful for many
applications (e.g. filters). The ability to pipeline this flushing would increase parallelism, but may
not be possible with cyclesin the graph.

| also propose to lay the groundwork for the development of an extensible library of signal
processing nodes by implementing several common tools (e.g. fork, join, and filters). This will

make compositional programming and rapid prototyping possible.

7.2. Formal Analysis

| propose to verify that the use of thresholds within bounded Process Networks preserves the for-
mal properties of correctness and determinate execution, while still guaranteeing execution in
bounded memory. | also propose to analyze the formal consequences of support for multiple exe-

cutions.
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7.3. Additional Case Studies

After completing the SAR processor case study, | propose to develop further high-performance
high-throughput case studies for this framework. Possibilities include multimedia applications
[24], multichannel image restoration [25], sonar post-beamformer processing, and sonar bottom

profiling and mapping [26].

7.4. Rapid Prototyping

A key feature of this methodology is the ability to rapidly develop high-performance, correct,
scal able software systems via the composition of individual nodes. Integration with design auto-
mation and rapid prototyping tools would allow non-experts to develop these systems from a
graphical user interface. Ptolemy 11 [22] from the University of Californiaat Berkeley isthelikely

choice for such atool.

7.5. Schedule

e Summer 1999: Complete SAR processor case study.

* Fall 1999: Extend framework with busses of streams, investigate multiple executions.
Implement a multimedia case study.

»  Spring 2000: Analyze the formal consequences of the use of thresholds, and of multi-
ple executions.

e Summer, Fall 2000: Investigate design automation tools, and begin integration.

»  Spring 2001: Case study which utilizes design automation tools.

* Fall 2001: Write and defend dissertation.
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