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Abstract programming environments separate applications-level pro-
gramming from low-level image processing and/or com-
This paper presents the Cameron Projécwhich aims puter vision programming, and even lower level machine-

to provide a high level, algorithmic language and optimiz- dependent parallel programming. They can also distribute
ing compiler for the development of image processing ap- programs across multiple processors or assign processes to
plications on Reconfigurable Computing Systems (RCSs)special purpose co-processors. By insulating the application
SA-C, a single assignment variant of the C programming programmer from low-level programming details, these en-
language, is designed to exploit both coarse-grain and vironments allow domain experts to develop useful image
fine-grain parallelism in image processing applications. processing applications.

Khoros, a software development environment commonly This paper presents the Cameron Proiect. which aims to
used for image processing, has been modified to support paper p ject,

SA-C program development provide a high level, algorithmic language and optimizing
SA-C supports image prc;cessing with true multidimen- compiler for the development of image processing algo-

. . S . rithms on reconfigurable computing systems. It includes
sional arrays, and with sophisticated array access and win- : ) o
. . . .a language, Single Assignment C (SA-C), that is integrated
dowing mechanisms. Reduction operators such as medl_into the Khoros programming environment, and that is com-
ans and histograms are also provided. The optimizing com- iled to host coréle %nd FPGgA confi urati(;ns The compi-
piler targets RCSs, which are fine-grained parallel proces- b 9 ' b

sors made up of Field Programmable Gate Arrays (FPGAS), lation, simulation and execution path, shown in figure 1,

. . ! ses Data Dependence Control Flow (DDCF) graphs as an
memories and interconnection hardware. They can be use . o 2
. . . ; Intermediate form for optimizations. Code patrtitioning be-
as inexpensive co-processors with conventional worksta-

tions or PCs. This paper discusses compiler optimizations.tWeen host and RCS is directed by the user; the RCS code

to generate optimal FPGA code using dataflow analysis is converted to low-level dataflow graphs (DFGs) that are

techniques applied to data dependence graphs. Initial re- then translated via VHDL to FPGA codes. Th_e system al-
lows executable code to be generated at various stages of
sults are presented.

the compilation process for validation and simulation pur-

poses. First, the complete DDCF graph can be translated to
C and run on conventional workstations. Second, the DFGs
can be simulated and animated along with host code to al-

. low additional testing as well as collection of performance
1. Introduction measures.

Keywords: Image Processing, Single Assignment, Recon-
figurable Systems, FPGAs.

A common software development methodology in image

processing (IP) uses a graphical programming environment
where application programs are constructed by intercon-
necting the outputs of one primitive operator to the inputs of
others. One of the most widely used graphical programming [ e ]_’[ DIl
environments for image processing is Khdfd$) [11],
but other environments exist or are being developed for

this purpose as well, including the Image Understand-
ing Environment (IUE) [6] and CVIPtools [10]. These

1The Cameron Project is supported by DARPA under US Air Force Figure 1. Compilation and Execution Path.
Research Laboratory contract F33615-98-C-1319
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SA-C is a programming language based on C that hasdata to the local memories or communicates with the output
been developed at Colorado State University and integrated~IFOs.
in the Khoros graphical programming environmentby Kho- ~ This paper describes the entire compilation path using
ral Research Inc. (KRI). The goal is to write low-level the Prewitt edge detection algorithm as an example. The
image processing algorithms in SA-C inside the Khoros next section describes Reconfigurable Systems. Section
software development environment and then to manipulatethree introduces SA-C. Section four details the compilation
these programs as glyphs inside Cantata (the Khoros GUI)and optimization phase based on DDCF. Section five dis-
Glyphs written in SA-C can then be executed on parallel cusses the mapping to reconfigurable hardware. Section six
architectures, and in particular on Reconfigurable Comput-concludes and discusses future work.
ing Systems (RCSs) using Field Programmable Gate Arrays

(FPGAS). _ o 2. Reconfigurable Systems
Image Processing (IP) applications feature large, regu-

lar image data structures with regular access patterns and Reconfigurable computing systems are typically based

therefore can benefit from parallel implementations. The on FPGAs, which are large arrays of programmable logic
programmable nature of FPGA-based parallel systems a1 organized into one or more arrays of Configurable
Iow; great flex'|b|I|ty, and promises massive flne—grgln par- Logic Blocks (CLBs). In most FPGAs, the perimeter has
allelism and high throughput. RCSs are therefore interest-; 4" cq|is that interface with the external pins of the chip.
ing candidates for use as special purpose IP accelerat'OWultiple FPGASs can be packaged with local memory and/or

hardware. Currently, FPGAs are difficult to use in this con- co-processors on boards such as the Wildfdite, built
text because they are programmed using hardware descripﬁy Annapolis Microsystems[15] '

tion languages. The goal is to make FPGAs available to IP Although the clock speeds of current FPGAs are slower

experts, as opposed to circuit designers. than RISC processor clocks, the potential massive paral-
_ SA-Coffers a powerful set of language features support- jg|igm in an FPGA makes them good candidates for many
ing image operations, including: real-time image processing tasks. DeHon calculates that,
even with their lower clock speeds, FPGAs may have an or-
der of magnitude betteromputational densit{the number
operators . _ i : .
L ) of bit operations a device can perform per unit of area-time)
e true multidimensional arrays as compared with RISC CPUs [3]. Petersen and Hutch-
e array sectioning, such as slicing vectors and sub-ings specifically consider digital signal processing tasks,
matrices out of matrices and also calculate a ten-fold speed-up [7].
e windowing: selecting a stream of sub-matrices of a  Reconfigurable computing presents new challenges to
certain size from a matrix language designers and compiler writers. The task of
e loops that use slicing or windowing to drive their loop Programming and compiling applications currently con-
bodies sists of partitioning the algorithm between a host processor
e reduction operators, such as histogram and accumula-.and rep(_)nfigurable mod.ules, gnd devising ways of produc-
tion primitives ing efficient FPGA configurations fo_r each piece of cgdg.
Presently, FPGAs are programmed in hardware description
On the other hand, SA-C bans recursion and pointer manip-@nguages, such as VHDL or Verilog. While such languages
ulation, and allows each variable to be assigned only once.are suitable for chip design, they are poorly suited for the
These restrictions allow data dependencies to be analyzedkind of algorithmic expression that takes place in applica-
enabling compiler optimizations and parallel code genera-tions programming.
tion. To enable programmers to develop IP applications for
Dataflow graphs are translated via VHDL to configura- reconfigurable hardware, the Cameron project adds the fol-
tion codes to be executed on the RCS. The part of the proJowing to the Khoros environment:
gram that runs on the host initializes the RCS by config-
uring it with the appropriate code, transfers input data to
it, and, upon completion of the RCS code, transfers result
data back. The RCS code is partitioned into data distribu-
tion, computation, and output sections. The data distribu-
tion section takes data from a local memory or input FIFO
and sends it into the computation section. The computation
section is either completely combinatorial, or uses lookup With these extensions, the IP application programmer
tables for complex operations. The output section writes will be able to exploit reconfigurable computing hardware

e variable-precision integer and fixed point numbers and

e a parallel programming language for expressing IP ap-
plications

e an optimizing and parallelizing compiler for generat-
ing dataflow graphs

e atranslator for mapping the dataflow graphs to VHDL
for FPGA-based, reconfigurable systems



through a high level programming interface. The remainder with a rank equal to the rank of the source, but with smaller
of this paper will discuss the development of each of theseextents.
three components. Generators can be combined throudgt andcross
products. Thelot product runs the generatorsin lock step,
whereagross products produce all combinations of com-
ponents from the generators.
Loop generators provide a simple and concise way of
SA-C? combines features of existing imperative and processing arrays in regular patterns, often making it unnec-
functional languages in order to create a language wellessary to create loop nests to handle multi-dimensional ar-
suited to image processing and amenable to compiler analtays or to refer explicitly to the array’s extents or the loop’s
ysis and optimization. The language is intended to exploit index variables. Also, they make compiler analysis of ar-
both coarse-grain (loop-level) and fine-grain (instruction- ray access patterns significantly easier. In C or Fortran, the
level) parallelism, as appropriate for the target architecture.compiler must analyze index expressions in loop nests and
The language should be suitable for a variety of parallel infer array access patterns from these expressions. In SA-
platforms such as symmetric multiprocessors, networks of C, the index generators and the array references have been
workstations, and vector computers. However, the principal unified; the compiler can reliably infer the patterns of array
target architecture of interest to the Cameron Project is theaccess.
RCS. Every construct, and in particular every loop, returns one
SA-C is based on C in order to be as intuitive as possible or more values. In addition to returning scalar values, a loop
to image processing experts, most of whom program in C orcan return arrays and reductions built from values that are
C++. That said, it differs from C in some important ways. produced in the loop iterations, includisgm, product ,
It is anexpression-orientedunctional language. Its scalar min, max, mean, and median . The histogram  op-
types include signed and unsigned integers and fixed pointerator returns a histogram of loop body values in a one-
numbers with specified bit widths. For example, the type dimensional array. As an example, figure 2 shows SA-C
uintl2 represents a twelve-bit unsigned integer. It has code for the Prewitt edge detector.
no explicit pointers, and is non-recursive. It has true multi-
dimensional arrays, including array sections similar to those

3. SA-C

intl6[:,:] main (uint8 Image[:,:]) {
intl6 H[3,3] = { { -1, -1, -1},

in Fortran 90. For examplejritl0 A[:,:] " declares {0 0 0
a variable-length two dimensional array of ten-bit integers, { 1‘ 1’ 1}’ .
and‘intl0 A[0,:] " is its first row. It has powerful loop T '
generators and return operators similar to those in the Sisal  jnt16 v[3,3] = { { -1, 0, 1},
language[5]. It has multiple-value returns and assignments. {-1, 0, 1}
The elimination of pointers and recursion and the single- {-1, 0, 1} 1}

assignment restriction enable important compiler code opti-

mizations. In compensation for these restrictions, there are  int16 M[.:] =

powerful high-level constructs to create and access arrays for window W[3,3] in Image {

in concise ways. Loops and arrays are at the heart of the int16 dfdy, intl6 dfdx= _
language, and are closely interrelated. Loops have special for h in H dot w in W dot v in V

. . . h* * ;
forms designed to work with arrays, and arrays are easily imigtuxégi:::]d(e V;')‘ sum(vw) );

created as return values of loops. The parddtiel loop is sqrt(dfdy*dfdy-+dfdx*dfdx);
the source of coarse-grain parallelism, and has three parts: } return(_ array(magnitude) ) ;
one or morgyeneratorsa loopbody, and one or moreeturn } return(M);

values. There are three kinds of loop generatealar,

array-componenandwindow The scalar generator pro-

duces a linear sequence of scalar values, similar to For- Figure 2. Prewitt Edge detector code.
tran'sdo loop. The array-component and window gener-

ators extract components of arrays in various ways. Array-

component or slice generators extract lower dimensionalg Compilation and Optimization
sub-arrays (e.g. vectors out of a matrix). Window genera-

tors allow a rectangular window to traverse the source array, At the heart of the compiler is the “Data Dependence

2SA-C (pronounced “sassy”), is not the only Single Assignment C. As and Control Flow (DDCF) graph, an intermediate form

an example, the Sac project[9], attempts to combine the imperative andSim"_ar to the Sisal compiler’s_ IF1 [8]-_ DDCF is a hier-
functional programming styles. archical dataflow graph, in which the high-level subgraphs




have a direct correspondence to the constructs of the sourceottom of the outer loop takes a stream of values and builds
language. This dataflow form exposes data dependenciesan array with them. The array’s shape is derived from the
opening up a wide range of loop- and array-related opti- loop’s generator; in this case, anx m input image will
mization opportunities. Théor loop generators produce produce &n — 2) x (m — 2) result array.

data streams, bridging the gap between a memory-reading Data flow analysis is performed on the DDCF graph. In-
execution model and a data-driven stream model that moreformation can travel with the flow (downward), against the
closely resembles the kind of execution that takes place onflow (upward), and in certain cases sideways (see size infer-
FPGAs. Similarly, thearray loop-return operator pro- ence below). A number of conventional optimizations [1]
duces array elements in storage order, making it easy toare performed as DDCF-to-DDCF transformations:

stream results back into memory in a straightforward way. _ o _ _
e Code Motion. Loop-invariant code is moved outside

-1-1-1 00011 1 |mage -1 01-1 01-101 O.I: the |00p body
e Function Inlining. Inlining is important for FPGA tar-
o v get hardware since there is no function calling mecha-
21 21 nism in such hardware.
FORALL

e Switch Constant Elimination. When the selection
mDOWﬁEN expression of a switch (or conditional) is known at
W compile time, the switch is replaced by the specified
FORALL expression. This is often enabled by constant propaga-
DOT tion and constant folding.
| eLemenT_cen | | eLement_cen| | eLement_cen e Constant Propagation and Folding. Operators with

.‘i % .‘i constant inputs are computed at compile time.
e Algebraic Identities. Addition with zero, multiplica-
tion with zero or one, etc, are removed and replaced by
‘ REDUCE_SUM ‘ ‘ REDUCE_SUM ‘ the appropriate value.

Ldfdy’ Ldfdx’ e Dead Code Elimination. Dead code is eliminated.
Such code may originate in the source program or be
produced by the application of other optimizations.

e Common Subexpression Elimination. This

optimization eliminates redundant expressions,
thereby conserving FPGA resources.

CREATE_ARRAY CREATE_ARRAY

Another set of optimizations is more specific to the ap-
plication domain, to the single assignment nature of SA-C,
and to the target hardware. IP operators often involve fixed
size, often constant, convolution masks.Sfze Inference
pass propagates information about constant size loops and
arrays through the dependence graph. This pass is vitally

Figure 3 shows the initial DDCF graph of the Prewitt important in this compiler, since it exploits the close as-
program of figure 2. ThEORALLandDOTnodes are com-  sociation between arrays and loops in the SA-C language.
pound, containing subgraphs. The black rectangles along/Vhen a loop executes, it has a shape that is determined by
the top of a compound node represent the node’s input portsthe loop’s generators, and the loop’s shape in turn deter-
the rectangles along the bottom are the output ports. Themines the shapes of any arrays it produces. This means that
outerFORALLhas a single window generator. TH&N- source array size information can propagate through a loop
DOWGENis operating on a two-dimensional image, so it and into its result arrays (downward flow), and result ar-
requires window size and step inputs for each of the two di- ray size information can be used to infer the sizes of source
mensions. In this example, both dimensions are size threearrays (upward flow). In addition, since the language re-
with unit step sizes. The output of tNéINDOVWGENnode quires that the individual generators enclosed in a dot prod-
is a3 x 3 array that is passed into the infe®RALLloop. uct graph have identical shapes, size information from one
This loop has @0Tgraph that runs three generators in par- generator can be used to infer sizes in the others (sideways
allel, each producing a stream of nine values from its sourceflow).
array. EacliREDUCESUNMhode sums a stream of valuesto a Full Loop Unrolling of loops with small, compile time
single value. Finally, th€ ONSTRUCRARRAYnode atthe  assessable numbers of iterations is very important when

Figure 3. DDCF graph for Prewitt program.



generating code for FPGAs, because iteration on such hardintl6 magnitude = sqrt(dfdy*dfdy+dfdx*dfdx);
ware is generally impractical and fine grain, pipelined, par-
allelism can be exploited by completely laying out the loop
as a circuit. These small loops occur frequently as in-
ner loops in IP codes, for example implementing convo-
lutions with fixed size masks. This is also important for

requires multiplications and square root operators. The
evaluation of the whole expression can be replaced by an ac-
cess to a “magnitudd’ookup Table. The compiler creates
the lookup table by wrapping a loop around the expression,
N-dimensional stripmining discussed later. recursively compiling and executing the loop, and reading

Array Value Propagation searches for array references the're'sult's back in. Both the stripmining and lookup table
with constant indices, and replaces such references with th@Ptimizations are controlled by user pragmas.

values of the array elements. When the value is a compile, 11€ code motion and function inlining phases are per-
time constant other optimizations may be enabled. As will formed once. The remaining phases are performed in mul-

be shown in the Prewitt example, this optimization may re- {PI€ Sweeps, since there is a cyclic effect where one opti-
move entire user defined (or compiler generated) arrays. mization can enable another. The sweeps are repeated until

It has already been argued that it is important to know the  SWeep produces no change.
sizes of loops and arrays at compile time so that these can
be laid out as fixed circuitsN-dimensional Stripmining
extends stripmining [13] and creates an intermediate loop 2B PE
with fixed bounds. The inner loop can be fully unrolled @%@
with respect to the newly created intermediate loop. As an =

example the following code shows convolution of an image
hathreebythreemask 00 01 02 10 11 12 20 21 22
wit : Q
AREF ) - (AREF
o |
Py

uint8[:,:] Conv(uint8 I[:,:], uint8 M[3,3])}{ \
uintl6 Res[:,:] =
for window W[3,3] in K
uintlé ip = for w in W dot m in M
return( sum(w*m));
} return( array(ip) );
} return(Res);

Image

FORALL

The inner loop computingp gets unrolled. However,
this unrolled loop is still rather small and it is often more
efficient to execute a number of these inner loops in parallel.
If the outer loop is stripmined with a user specified size of
eight by eight, the compiler transforms it to the following:

uint8[:,:] Conv(uint8 I[:,:], uint8 M[3,3]1{
uintlé Res[:,:] =
for window WTI[8,8] in | step (6,6) {
uintlé ResTile[6,6] =
for window WI[3,3] in WT{
uintlé ip = for w in W dot m in M
return( sum(w*m));
} return( array(ip) );
}return(tile(ResTile));
}return(Res);

CONSTRUCT_ARRAY

Figure 4. DDCF graph for Prewitt program af-
ter loop unrolling and array value propaga-
tion.

In the Prewitt program, array and loop size inference al-
lows the compiler to determine that the inner loop will ex-

This is important because the two nested inner loops can€Cute nine times, with & x 3 shape. Since the number of
now be unrolled, generating a larger more parallel circuit. loop iterations is known and is not large, the inner loop can
Thetile loop return operator concatenates equal size N- be fully unrolled. Each of the threeL EMENTGENnodes
dimensional sub-arrays into one N-dimensional array. SinceP€comes nine array reference nodes with constant indices,
the stepping may give rise to left over fringes, much as in and the loop body becgmgs elg.hteen multiplications with
vectorization, the compiler generates code to compute them{Wo largeSUMhodes taking in their values. The array value
Some (combinations of) operators can be inefficient to Propagation sweep then replaces eighteen of the array ref-
implement directly in hardware. For example the computa- erence nodes (those referencing fiieand V" arrays) with
tion of magnituddn Prewitt: the values from those arrays. Figure 4 shows the state of
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Figure 5. DFG after full optimizations.

the DDCF graph at this point. Continuing, algebraic iden-
tities allow all but two multiply nodes to be removed, since
all multiplications are by eithet, 0 or —1. (Multiplies by

—1 are converted ttlEGnodes.) Finally, the window gen-
erator is converted to a form (appropriate only to windows
with statically known sizes) in which each scalar value in
the window is brought out as an individual output. This

eliminates the remaining nine array reference nodes, and e

yields the graph shown in figure 5.

The optimized DDCF graph has now become a dataflow
graph (DFQG): itis flat, and it has operators that are suitable
for generating VHDL code representing the FPGA config-
urations. TheéSUMnodes can be implemented in a variety
of ways, including a tree of simple additions. The window
generator also allows a variety of implementations, based
on the use of shift registers. TRONSTRUCARRAYode
streams its values out to a local memory or to the host, as
appropriate.

5. Mapping to Reconfigurable Hardware

After compiler optimizations, the program is partitioned

into host and RCS code. The RCS code is translated to a

dataflow graph, and the host code is compiled to C, and
combined with run time routines that communicate with the

RCS. The dataflow graph is translated via VHDL to FPGA

configuration codes.

DFGs are a natural model for reconfigurable computing.
The ordering of operations is determined by true data de-
pendencies only, not constrained by artificial dependencies
introduced by the stored data model. Dataflow expresses
parallelism at all levels. Fine grain parallelism can be ex-
ploited within one processor, and loop-level parallelism can
be exploited across processors. Combinational logic func-
tions are functional by nature, and are thus easily synthesiz-
able from dataflow graphs.

Because FPGA-based reconfigurable computing systems
provide a high degree of flexibility in the design and pro-
gramming of reconfigurable circuits, it is imperative to pro-
vide some form of structure, aabstract architecturethat
the compiler can target. It is intended that this abstract ar-
chitecture be independent of any particular type of recon-
figurable hardware, yet include characteristics that can be
used by any RCS architecture. It defines an overall exe-
cution model in the form of a set of computation and data
movement primitives. The main components of the abstract
architecture ardata transfer models, on-chip storage mod-
els,andoperations.

5.1. Prewitt on the AMS Wildforce Board

In order to evaluate compilation and especially code gen-
eration strategies, the dataflow graph of the Prewitt opera-
tor (see figure 5) was hand translated to VHDL and mapped
onto the AMS Wildforce Board [15] in several ways. The
Prewitt algorithm is important in its own right as a funda-
mental IP operation; it was selected for this exercise be-
cause of characteristics that make it an interesting example
for reconfigurable computing:

It is an inherently parallel operation, with each of the
convolutions entirely independent of the others. The
compiler can take advantage of this by creating a num-
ber of high level, coarse grain loop chunks, and can
exploit data reuse by buffering and shifting data within
these chunks.

Itinvolves the use of constant masks that allow consid-
erable optimizations such as loop unrolling, constant
folding, and algebraic simplification, before being im-
plemented in hardware.

It requires a squaring (multiplication) and a square root
operation, which are expensive to implement in hard-
ware.

It involves the use of a streaming data model from
host to hardware and back to host, which is a common
mode of operation with reconfigurable computing, and
is very natural for Image Processing.

Finally, it is representative of a large number (perhaps
even the majority) of common IP applications, involv-
ing the passing of a constant mask over a large image
array.
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Figure 6. The AMS Wildforce board

of the signals through the circuit gates. The propagation de-
lay of this loop body circuit establishes the maximum clock
frequency for the entire system. By adding latches, the cal-
culation can be pipelined to reduce the total propagation de-
lay, allowing the clock frequency to be increased. Adding
such a latch allows our Prewitt implementation to operate
approximately 70% faster than the non-pipelined version.

Parallelism is achieved both across PEs and by replicat-
ing the inner loop body on each PE. By sending a verti-
cal slice of four values (one pixel from each of four rows
packed into a 32-bit word), a “stripe” of data is sent over
time such that each PE can compute two Prewitt operations
at one time. Thus, a total of eight operations are in progress
at any one moment. Increasing the stripe width to eight
rows (two 32-bit words, sent in two consecutive cycles on
the crossbar) allows a total of six-Prewitt operations to be
computed on each PE at a time, for a total of 24 opera-
tions. This results in a 50% throughput improvement over
the two-body scheme, although the extra complexity of the
interconnections reduces the maximum clock rate slightly.

Taking advantage of this parallelism requires the design
of efficient transfer of data between host and RCS. Two
main techniques for transferring data between the host and
the Wildforce board were explored:

e Streaming Data Input. The host sends data to CPEQ’s

The Wildforce-XL board is an FPGA-based reconfig-
urable computing engine; its architecture is shown in fig-
ure 6. It contains five user-programmable Xilinx FPGA
(4036XL) chips. The first is designated CPEO (Control Pro-
cessing Element 0), while the others are designated PE1—-
4 (Processing Elements 1 through 4). For the Prewitt al-
gorithm, the board is configured such that CPEQ accepts
eight bit image pixels from the host and distributes these to
the other PEs via the crossbar, a user-programmable 36-bit
wide interconnect. PEs 1-4 are nearly identical in function
— each receives data from the crossbar, performs the Pre-
witt calculation, and places the result where the host can
retrieve it. The same configuration code is used in each.
Coarse grain loop chunk parallelism occurs across the four
PEs, and loop stripmining places several instantiations of
the inner loop body on each PE.

The optimized inner loop body in figure 5 was imple-
mented in VHDL. As discussed in section 4, the magnitude
computationin the algorithmis implemented using a lookup
table, which is stored in each PE’s local memory prior to

hardware FIFO, in the order required by the calcula-
tions implemented on the PEs. This method is simple,
and the streaming nature of the calculations allows the
hardware to be in continuous calculation mode. How-
ever, since the host must send data in the order required
within the PEs, some image pixels must be re-sent.

e Batch Data Input. The host sends the image array

in row major order to CPEO’s memory using DMA
transfers. CPEO then accesses the array in the order
required by the other PEs and sends the values via
the crossbar. Data needs to be sent only once, since
this design moves the data ordering mechanism (the
loop generators) from host to CPEO. Very fast transfer
rates between host and CPEO can be achieved, because
of large block memory transfers. However, since the
hardware cannot access its memory when the host is
transferring data, computations and data transfer can-
not overlap. The transfer time adds to the total pro-
cessing time, unlike the FIFO method where pipeline
parallelism can hide the transfer time.

The PEs return their results in one of two main ways.

execution. This table is constrained to a reasonable size ofThe first is asystolic schemavhereby each PE sends data

32 x 32, or 1K values, by discarding lower bits.

to its right neighbor, and PE4 (the rightmost PE) places the

Except for the table lookup, the Prewitt inner loop body data into the output FIFO, where it can be retrieved by the

is acombinationakircuit (i.e., it is asynchronous and con-

host. This method is illustrated in figure 7a, which also

tains no registers), and hence its output response for a givershows the instantiation of two Prewitt Inner Loop Bodies
set of input values is delayed only by the propagation time (ILBs). In the other scheme each PE places its results in its



local memory, where the host can retrieve it. This configu- 2 Prewitt 6 Prewitt
ration is shown with six Prewitt ILBs in figure 7b. _ Max Max
Design CLBs Freq CLBs Freq
| crossbar | crosshar (MHz) (|\/| Hz)
PE PE Stream 430 (33%) 11.3 1087 (84%)| 10.3
Batch 420 (32%)| 10.7 || 1051 (81%)| 10.7
Pipelined || 435 (33%)| 17.0 || 1067 (83%)| 16.8
Table 1. PE1-4 space requirements and max-
imum clock frequency for several Prewitt de-
PREWITT PREWITT PREWITT| PREWITT signs
ILB ILB ILB1 ILB 6 g
I l (LUT)[ l(rﬁllt) (LUT)I J(raﬂt) -
: - : : : Data | Prewitt | Data Total Overall
Design Input | Calc | Output|| Time Rate
7{'7 e (ms) (ms) (ms) (ms) || (MP/Sec)
Stream 176.0 176.0 1.48
VEM R o e MEM (10 MHz)
(LOOKUP TABLE) L (ResuLTy), Batch 299 | 23.01 | 824 || 34.24 7.65
e : (10 MHz)
(a) (b) Pipelined || 3.13 13.1 8.60 24.83 10.5
(17 MHz)

Figure 7. Two algorithm designs for Prewitt:
(a) Two inner loop bodies calculated in par-
allel, with systolic output (b) Six inner loop
bodies, output to memory.

Table 2. Measured performance of the Prewitt
designs.

ever, with batch mode this transfer time must be added to
the computation time, since the two operations cannot over-
ap. This results in an overall computation rate of around 7.5

The performance of the different Prewitt implementa-
tions on the Wildforce board can be measured in both spac
(amoun.t of FPGA circuitry used) and speed. A summary MPixels/sec for the non-pipelined version, and 10.5 MPix-
of the size, expressed as the number of CLBs and the per- N

: ; els/sec for the pipelined case.
centage of the total space used in the FPGA, and maximum h Its | . . lcul
clock speed, as determined by the Xilinx Place and Route To .put these results n perspgctwe, a Prewitt calcula-
' tor using the same algorithm as implemented on the RCS

::?rizlvsvlitftoc;g;’i3 zgngiu;?]tg\)/\?nci?\d‘gglrepllz1I-n4<:1(I)Ircsaesveesr atlk?; tshigeWas coded in C, compiled using Microsoft Visual C++ with
and speed 0?‘ PE1-4, rather than CPEb determinesi the o eqptimizations, and executed on a 450 MHz Pentium PC.
\a speed ' o OPClrhis program achieved 2.5 MPixels/sec. It is difficult to

ational limits of performance for the designs. Table 2 lists . .
: make performance comparisons when different hardware,
the measured performance for several of the two-Prewitt de- : ! .
: ; : o compilers, and environments are involved. However, these
signs. Times are reported for5d2 x 512 image size; the

processing rates (in MPixels/sec) for other image sizes ar initial results are encouraging, and appear to indicate that
similar. ®FPGA based Co-processors can be effective.
At 10MHz, the streaming (FIFO) version is capable of )
performing the Prewitt calculation at a rate of 20 MPix- 6. Conclusions and Future Work
els/sec for the two-Prewitts-per-PE design, and 30 MPix-
els/sec for the six Prewitt design. This rate requires atrans- This paper has introduced the Cameron project, in which
fer rate of 80 MB/sec between host and hardware, a valuethe Khoros GUI is being enhanced to allow image process-
that should fall within the capabilities of the PCI bus (which ing Applications to be written that are to be executed partly
has a maximum transfer rate of 132 MB/sec). However, soon a host machine and partly on reconfigurable computing
far our implementation has only achieved a small fraction systems (RCSs) consisting of FPGAs, memories and inter-
of this rate. Work is continuing on implementing a DMA connections. Glyphs with parts to be run on the RCS are
method for transferring data to the FIFO. written in SA-C, a restricted C with true N-dimensional ar-
For the batch input case, the measured transfer rates berays, parallel loops, and sophisticated array access and array
tween host and RCS memory are much more in line with ex- creation operators. An optimizing compilation process has
pected values, falling in the range of 60-80 MB/sec. How- been introduced, which targets dataflow graphs as an inter-



mediate form, and maps these dataflow graphs via VHDL to [6]
the RCS. To show the compilation stages the Prewitt edge
detector was used, and various code generation strategiesz]
were discussed. Initial performance comparisons with a
hand coded C version are encouraging.

In future work, the complete compilation process from
Khoros to dataflow graphs to hardware implementation will  [g]
become more automated. Also, additional optimizations
must be designed and implemented. Important optimiza-
tions yet to come arop fusionandbit width narrowing [9
Loop fusion avoids intermediate data structures, reduces the
amount of control logic, and increases the size of loop bod-
ies to be executed on the RCS. Bit width narrowing reduces[lo]
circuit size.

In the Khoros environment, the user can select which
parts of a program are to be run on the RCS, as long as thesFll]
parts are written in SA-C. The performance of the system, in
terms of host, RCS data traffic, total system execution time
and FPGA program space will be monitored. Performance
feedback is to be integrated in the Khoros GUI. [12]

Apart from using commercial FPGA hardware, two other
experimental hardware designs are to be targeted: Mor-[13]
phosys [2] and PipeRench [4]. Morphosys is a parallel ar-
ray of coarse grain reconfigurable cells on a chip combined[14]
with an on-chip core processor, DMA controller, and mem-
ories for (re)configuration codes and program data. Gener{15]
ating code for Morphosys will be akin to generating SPMD
code. PipeRench is a pipeline organized system, which al-
lows efficient mapping of a virtual (large) pipeline onto a
physical (smaller) one. Pipeline stages are programmed in
a very simple C, called DIL, representing a loop body as a
dataflow graph. Generating code for PipeRench will entail
mapping of the SA-C compiler’s dataflow graph to DIL.
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