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ABSTRACT

We presenta compilerthat takeshigh level signaland image processing
algorithmsdescribedin MATLABandgeneratesanoptimizedhardwarefor
anFPGAwith externalmemory. Weproposea precisionanalysisalgorithm
to determinethe minimumnumberof bits requiredby an integer variable
and a combinedprecisionand error analysisalgorithmto infer the mini-
mumnumberof bits requiredbya floatingpointvariable. Our resultsshow
thatonanaverage, our algorithmsgeneratehardwarerequiringa factorof
5 lessFPGAresourcesin termsof the Configurable Logic Blocks (CLBs)
consumedascomparedto thehardware generatedwithouttheseoptimiza-
tions.Weshowthatouranalysisresultsin thereductionin thesizeof lookup
tablesfor functionslike sin,cos,sqrt,exp etc. Our precisionanalysisalso
enablesusto pack variousarrayelementsinto a singlememorylocationto
reducethenumberof externalmemoryaccesses.Weshowthatsuch a tech-
niqueimprovestheperformanceof thegeneratedhardware by an average
of 35%.

1. INTRODUCTION

FieldProgrammableGateArrays(FPGAs)havebeenrecentlyused
asaneffective platformfor implementingmany image/signalpro-
cessingapplications.Thoughtheconceptof usingFPGAsfor cus-
tom computingevolved in thelate1980’s, certainrecentadvance-
mentsin FPGA technologyhasmadereconfigurablecomputing
more feasible. Currenttrendsindicatethat FPGAshave a faster
growth of transistordensity than even generalprocessors.The
implication of this is that therewill be sufficient transistorbud-
get for larger andmorecomplex applicationsto be implemented
on FPGAs.Most hardwaredesignerstodayusehardwaredescrip-
tion languageslike VHDL/Verilog or low level CAD tools to im-
plementdesignson FPGAs. This involves directly dealingwith
thecomplexities of thehardwareandunderstandingthecycle-by-
cycle behavior of millions of gates,which canbevery tediousand
time consuming.Clearly, thereis a needfor systemlevel design
toolsthatwouldprovidedesignersahigherlevel of abstractionen-
ablingthenext generationof complex applicationsof FPGAswith
reducedtime-to-market.

Many researchershave focusedon the useof generalpurpose
languagesasa target for hardwaresynthesis.C/C++ is the most
populartarget language[19-24]. Someotherresearchershave at-
temptedto useJavaasthetargetlanguagetoo [25-27]. Ourchoice
of the MATLAB languageis guidedby the following facts- (1)
MATLAB is extremelypopularwith the signal/imageprocessing
communityand is easierand more intuitive to use than C/C++
(2) MATLAB hasa rich setof librariesfor signal/imageprocess-
ing functionswhich canbe directly mappedto efficient libraries,
thusmakingMATLAB very conducive to designreuse.(3) Large
amountsof parallelismcanbeextractedfrom MATLAB programs

with little or no dependency analysis,asopposedto complex de-
pendency analysisrequiredby languageslikeC/C++.

Someof themajor issuesin compilationfrom a high level lan-
guagefor FPGAsis in generatinghardware that will not only fit
within theFPGAs,but which will alsoprovide high performance.
Sincecontrollingthebitwidthof thevariableswill resultin instanti-
ationof lesserprecisionoperatorsin hardwareleadingto FPGAre-
sourcesavings,thereis aneedto assignbits in anoptimalmanner.
The needto conserve bits hasbeeninvestigatedfor architectures
like Intel’s MMX [2], HP MAX-2 [3] andSUN VIS [4], which
allow datapathsto operateonsubwords.Also, with thecurrentin-
terestin generatinglow power systems,researchershaveproposed
turningoff bit slices [1]. Stephensonet. al. [5] have proposeda
precisionanalysisschemeto determinethe requiredbit level pre-
cision for varioustarget architectures.All of the above work in
subword control have focussedentirely in trying to optimize the
bits for integerprograms.Sincemostrealapplicationshave float-
ing point operations,our work presentsa unified schemeto de-
terminetheminimumnumberof bits for both integerandfloating
point applications.We alsopresenta schemeto usetheprecision
informationto packseveral arrayelementsto a memorylocation,
so that the total numberof memoryaccessesis reduced,thereby
improving performance.

Thecontributionof thepapercanbesummarizedasfollows:
� Wepresentavaluerangepropagationalgorithmto determine

theminimumnumberof bits requiredfor the integral partof
floatingpoint representationandfor integers� We presentanerroranalysisalgorithmto determinethemin-
imum numberof bits requiredto representthefractionalpart
of ourfloatingpoint representation� We presenta memorypackingalgorithmto packmorethan
onearrayelementsinto a singlememorylocationto improve
theperformanceof thehardwaregenerated

This work presentsan automatedway of improving the hard-
ware generatedby the MATCH compiler [15]. The rest of the
paperis organizedasfollows. Section2 presentsan overview of
theMATCH compiler. Section3 motivatestheneedfor a bitwidth
analysisphaseandpresentsour representationof integer andreal
variablesin theVHDL descriptionof thehardware.Section4 and
Section5 describeouralgorithmfor precisionanderroranalysisto
optimizethe FPGAresourcesconsumed.Section6 describesour
memorypackingalgorithmto improve theperformanceof thegen-
eratedhardware.We presentsomeexperimentalresultsin Section
7 andconcludein Section8.

2. OVERVIEW OF THE MATCH PROJECT

Thework presentedin this paperis partof theMATCH compiler
[13]. The MATCH compilertakesin the descriptionof an appli-



cationin MATLAB andpartitionsit into softwareto be executed
on generalpurposeandembeddedprocessorsandhardwareto be
mappedto FPGAs. The hardware generatedare targetedfor the
Xilinx FPGAson the �����	��

����������� boardfrom AnnapolisMicro
Systems.In thispaper, weaddresstheissuesinvolvedin generating
anefficient hardwareoncethe frontendof the compilerhasparti-
tionedthe systeminto hardwareandsoftware[27]. In particular,
wefocusonoptimizingtheFPGAresourcesin termsof numberof
ConfigurableLogic Blocks(CLBs) usedup by theinstantiationof
variousoperatorsandregistersandin improving the performance
of thesystemby reducingthetotalnumberof clockcyclesrequired
for external memoryaccesses.Figure 1 shows an overview of
the MATCH compiler. The input MATLAB codeis parsedin to
develop a MATLAB AST basedon a grammerdevelopedby us
[14]. SinceMATLAB is a dynamicallytypedlanguage,the type
andshapeof thevariablesareunknown at compiletime. Hence,a
compilerphaseinfers the typeof thevariablesanddimensionsof
the matricesandusesthis informationto scalarizethe MATLAB
AST. TheAST is thenlevelizedwhereincomplex expressionsare
brokendown into simpleexpressionswith at mostthreeoperands.
A dependancy analysisphaseinfersthecontrolanddatadependan-
ciespresentin theAST. A precisionanderroranalysisphaseinfers
theoptimumnumberof bits requiredfor representingthevariables
in theMATLAB AST andgeneratesa resourceoptimizedVHDL
AST. Finally, a memorypackingphasepacksmore thanonear-
ray elementinto a singlememorylocationdependingon thearray
precisionandoptimizeson thenumberof memoryaccesses.The
outputVHDL codeis thenpassedthroughcommercialsynthesis
andplaceandroute tools to generatea netlist andbit-streamfor
theFPGAs.

Levelization

Dependence Analysis

        Analysis
Precision and Error

Memory Packing

Output
VHDL Code
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Type-Shape Analysis

MATLAB  AST

MATLAB Code
Input

Figure1. Overview of the SynthesisFramework

3. BITWIDTH ANALYSIS FOR HARDWARE
GENERATION

It is well known thatwhenahardwaredesignermanuallyconverts
a high level specificationof an applicationinto hardware,he can
take advantageof detailedknowledgeof thebit level precisionof
variousvariablesin the applicationin orderto implementan op-
timum hardware. In order to motivate the needfor sophisticated
algorithmsto synthesizehardware, we performedan experiment
on five MATLAB applicationsnamely, Sobeltransform,Motion
Estimation,HomogeneousRegion Testing,IIR Filter andMatrix
Multiplication. We took eachapplicationandtried to handmapit
to FPGAsby writing anRTL VHDL codewith theexactprecision
neededfor eachvariable.Wenext hadourMATCH compilerwith-
out the bitwidth analysistake the applicationand generateRTL
VHDL codeautomatically. This resultedin all variablesin the
VHDL codebeingdefinedas32bit wideoperands.Thisis because
high level languagesusedfor systemlevel designlike MATLAB,
C, C++ andJava do not have thenotionof bit level precision. In
the restof thepaper, we definesucha hardwarewhereinall vari-
ablesare mappedto 32 bit vectorsas unoptimized. The VHDL
codegeneratedis theninput to the logic synthesistool from Syn-
plicity andtheplaceandroutetool from Xilinx to generatethebit
streamfor theWildChild board.Figure 2 shows theratioof FPGA
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Figure 2. Ratio of FPGA ResourcesRequired for Compiler
generatedhardware without our optimizations to hand opti-
mizedhardware

resourcesin termsof ConfigurableLogic Blocks(CLBs) for com-
piler generatedhardware [15] to handgeneratedoptimizedhard-
ware.As canbeseen,theunoptimizedhardwaregeneratedby the
compiler takesabouta factorof 4 more resourcesthan the hand
generatedhardware.Table 1 shows thetotal numberof CLB’s re-
quiredby the benchmarkdesignson the Xilinx 4028FPGA.For
theintegermatrix multiplication,theunoptimizeddesignrequired
591 CLB’s while a handgeneratedoptimizedhardware required
only 133 CLB’s. This is becausethe handgenerateddesignsin-
stantiatedexact precisionoperatorsascomparedto the compiled
design.Hence,we requirea bitwidth analysisphaseto determine
theminimumnumberof bitsrequiredto representaintegerorareal
variable. Further, sinceMATLAB doesnot have a representation
for variablesof differentbitwidths,we requirea representationfor
integerandrealvariablesof differentprecisionin theoutputVHDL
code.

Table 1. Total number of CLB’ s required by Hand optimized
and Compiler generateddesigns

Sobel Motion Homogeneous IIR Matrix
Est. Region Test Filter Mult.

Hand 199 205 39 220 304
Compiled 856 368 215 1071 591

3.1. Representationof Integer and RealVariables
All variablesin theoutputRTL VHDL codearemappedto bit vec-
tors of type std logic vectorof width asdecidedby the bitwidth
analysisphase.Themostsignificantbit of thebit vectoris reserved
for thesignbit for bothintegerandrealvariables.For integervari-
ables,thevalueof thevariableis convertedto binaryanddirectly
mappedto thebit vector. For realvariables,themostwidely used
representationis the IEEE floatingpoint representation.Fig 3(a)
shows theMATLAB codefor themultiplicationof two realnum-
bers. Figure 3(b) shows the variablesrepresentedin the IEEE
formatwhereall variablesarerepresentedby 32bits. Sucharepre-
sentationis oftenavoidedfor reconfigurablecomputingplatforms
becausethefloatingpointoperatorstypically requiretoomucharea
to be practical. Oneof the acceptedmethodsof performingfrac-
tional operationsis to computethe threecomponentsof floating
point result,sign, exponentandmantissaindependently [9, 10].
But suchsystemsdo nothave highclock ratesandarealsolimited
by area[9]. Onealternativerepresentationis to usefixedpointrep-
resentations.The mainadvantageof sucha representationis that
all operationscanbeperformedusingintegeroperatorsresultingin
muchlessusageof FPGAresources.

We usea fixedpoint schemein which realnumbersarerepre-
sentedby botha integerpartanda fractionalpart. Theadvantage
of suchan approachcanbeseenfrom Figure 3(b) and(c) where
werequire32bits to representboth5.5and1399.75with afloating
point representationwhile it takesonly 4 bits to represent5.5 and
13bits to represent1399.75with afixedpoint representation.This
will resultin theinstantiationof a17bit multiplier for themultipli-
cationin Figure 3 (c) ascomparedto a64bit multiplier if floating
point representationis used.Hence,theFPGAresourcesareopti-



mally used.Themaindisadvantageof sucha representationis that
the numberof bits requiredfor the integral part would be high if
thevaluerangeof thevariableis high. This is acceptablefor our
studysincethedynamicrangeof all variablesin almostall image
andsignalprocessingapplicationsis small. Anotherdisadvantage
of sucha representationis that sinceboth the numberof bits re-
quiredfor the integerpartandthenumberof bits requiredfor the
fractionalpartwouldvary for differentvariables,integeroperators
wouldnotgivecorrectresultsasthey requirethedecimalbits to be
perfectlyalligned.Onesolutionto this is to rememberthenumber
of bits for the fractionalpart for eachreal variableandgenerate
conditionalcodesothat integeroperatorscouldbeused.We have
madeanassumptionthat thenumberof bits requiredto represent
thefractionalpart is constantfor all realvariableswhile thenum-
ber of bits requiredto representthe integer part canvary. Figure
4 shows that the multiplicationof the two numbersusingthis as-
sumptionrequiresinteger operators. The middle column shows
thatthemultiplicationinvolvesaXor operationonthesignbitsand
a normal integer operationon the otherbits. The last columnof
Figure 4 shows theactualintegermultiplication. Our algorithms
in thenext sectioncanaccuratelydeterminethenumberof bits re-
quiredfor theintegerpartof therealvariable.Hence,theoutputof
themultiplicationin thelastcolumnof Figure 4 is sampledsothat
thefirst 5 bits is for the integerpartof the resultc (sincedecimal
13 requires5 bits) andthenext 4 bits is sampledfor thefractional
part (sinceboththevariablesa andb have 4 bits for thefractional
part). The main advantageof this representationis that different
variableswill have differentnumberof bits as requiredfor their
representationunlike thefloatingpoint representationsothatinte-
geroperatorsof theoptimalprecisionwouldbeinstantiatedleading
to resourcesavings.

Wenext presentaprecisionanalysisalgorithmto determinethe
minimumnumberof bitsrequiredto representintegervariablesand
theintegerpartof realvariables.

a = 5.5;
b = 254.5;

c = a * b ;
= 1399.75;

MATLAB Code

a = 0 10000011  01100...

c = 0 10001001  01011...
b = 0 10000110  11111...

Floating Point representation

a = 101  1
b = 11111110  1
c = 10101110111   11

Int.    Fract.

Fixed Point Representation

(a) (b) (c)

Figure3. Representationof RealVariables

a = 5.375;
b = 2.5;
c = a * b;

= 13.4375

101 0110
10 1000
0000000

0000000x
0000000xx

1010110xxxxx

1010110xxx
0000000xxxx

0110101110000

a = 0 101 0110

b = 0 10 1000

S 5 .375

c  =  0  01101  0111

S .52

.437513S

Figure 4. Example showing that Multiplication using our rep-
resentationusesinteger operators

4. PRECISION ANALYSIS

In our representationof variables,theminimumnumberof bits re-
quired to representinteger variablesand the integer part of real
variablesis directly relatedto the maximumvalue that the vari-
ableattainsthroughouttheprogramrun. Hence,precisionanalysis
or the minimum numberof bits requiredto representthe integer
part of the variablescanbe inferredby value rangepropagation
[28]. Wenext discussthevaluerangepropagationalgorithmto ac-
curatelydeterminethe minimum numberof bits requiredfor the
integerpartof thevariables.

Algorithm 1 PrecisionAnalysisfor Integer Benchmarks

Input: MATLAB AST with all variablesdefinedaseitherIntegeror Real
Output: VHDL AST with all variablesdefinedasa bit vectorwith opti-
mumnumberof bits
Algorithm:

1. LevelizetheMATLAB AST
2. Introducetemporariessothat integer � float areconvertedinto
float � float.
i.e. float f = i � 3.147
becomesfloat i’ = (float) i; float f = i’ � 3.147;
3. Createa dataflow graphwith a singlestaticassignmentprop-
erty.
4. Associate3 structureswith eachvariablein theAST :� Up: representsthedatarangeduringbackwardpropagation� Down: representsthedatarangeduringforwardpropagation� Actual: representstheactualdatarange= Up � Down.

5.Initialize each of these structuresfor each variable to ��������! #"%$!&������! #"
$('
6. Readin targetarchitecturefeaturesfrom a file sothatmemory
width andaddresswidth canbeusedto optimizeon theprecision
of thearrayelements.
7. do )
8.

Traversethe SSA dataflow graphin the forward direction
andinfer thevaluerangeof variablesin thelhs of anassign-
mentexpression

9.
Calculatethedatarangesfor thevariablebeingcalcu-
lated
Note: Datarangesis to becalculatedevenfor realvari-
ables� Find thedatarangeof theresultif thetransformation

is known, else,if the transformationis unknown, as
in library andfunctioncalls, leave thedatavaluesat
themaximum� For loop constructs,the datarangesfor variablesin
the body of the loop can be calculatedby actually
traversingthe loop. If loop boundsareunknown at
compile time, thenall variablesmodified insidethe
loop areassignedthemaximumdatarangeto ensure
programcorrectness� A simpleoptimizationwhichcanbeappliedwhenthe
loop bodycomputationsarelinear is to find a closed
form expressionin termsof the loop trip countand
thegrowth factor [7].

10.
PerformerrorAnalysisby finding out theerrorof the lhs of
an assignmentexpressionaccordingto the transformations
givenin Figure 5

11.
TraversetheSSAdataflow graphin thebackwarddirection
andinfer thevaluerangeof variablesin therhsof anassign-
mentexpressionfrom similar transformationsasin Step9.

12. *
while (noneof the datarangeschangeor for a fixed numberof

iterations);
13. ChangethesymbolTableto reflectprecisioninformation.
14. PerformotherOptimizationslike ConstantPropagation andDead
CodeElimination.
15. Reflectchangesin the VHDL AST so that all variablesarerepre-
sentedasbit vectors.
16. Make modificationsto the VHDL AST to accountfor commercial
High Level SynthesisTool peculiarities



4.1. Algorithm for PrecisionAnalysis
Algorithm 1 determinesthe minimum numberof bits requiredto
representa variable. Step1 of the algorithmlevelizesthe MAT-
LAB AST sothatall assignmentoperationsareconvertedto athree
operandformat. This helpsin formulatinga seriesof transforma-
tions asshown in [5] which cannow be appliedon thesestate-
mentsto infer thevaluerange.To avoid convertinginductionvari-
ablesusedinsideloopsto be typepromotedto realnumbers,it is
necessaryto usetemporariesasshown in Step2. Valuerangeprop-
agationis simplifiedby theassumptionthatevery useof avariable
hasonly onereachingdefinition. Hence,a dataflow graphwith a
staticsingleassignment(SSA)propertyis generated.Step3 usesa
Array basedSSArepresentation[8] whereineacharrayelementis
renamedso thatprecisioninferencingbecomesmoreaccurate.We
have implementeda forwardandbackwardpropagationalgorithm
to determinethe maximumvalueof eachvariable. Theprecision
analysisphaseendsoncethevaluerangeof all variablesstabilizes.
Certainprecisioninformationcanbederivedfrom thetargetarchi-
tecturefor which VHDL is generated.For example,the memory
of theslaveFPGA’son theWildChild boardis 16bitswideandthe
externalmemoryhas +�,�- locations.Step6 readsin this informa-
tion from anarchitecturefile andusesit for inferring theprecision
of addressvariablesandarrayelements.An addedbenefitof Value
RangePropagationis in optimizationslike ConstantPropagation
[16] andDeadCodeElimination.

5. ERROR ANALYSIS

Thoughthevaluerangepropagationalgorithmin theprevioussec-
tion candeterminethe minimum numberof bits requiredfor the
integer part of the real variable,this is not true for the fractional
part of the real variable. This is becausea floatingpoint variable
canattaininnumerablevaluesbetweentwo integers.If weuseless
numberof bits to representthefractionalpart,thenwe will bede-
creasingtheresolutionof thevariable,therebyintroducinganerror
in computations.Hence,we requireanerroranalysisphaseto de-
terminethetolerableerror.

5.1. Algorithm for Err or Analysis
Step10 of Algorithm 1 findstheerror in thefixedpoint represen-
tation of eachvariablebasedon transformationsoutlinedin Fig-
ure 5. Most imageprocessingapplicationstake asinputanimage
andoutputanothermodifiedimage.Theactualalgorithmperforms
somefloatingpointoperationson theseinput imagesto giveusthe
final outputimage.Hence,theerrortolerancein suchapplications
is very high. We caninfer the numberof resolutionbits for real
numberswhen:

� The compiler assumesthat sincethe intermediatevalue of
254.99and254.01would resultin thesamevalueof 254for
theoutputdata(sinceoutputimageis aninteger),wecanhave
atolerableerrorof 1 in theintermediatevalues

� Theuserspecifiesthetolerableerrorin thepixelsof theoutput
image

� Theuserusesprintf statementsin theMATLAB codeandde-
finestheoutputresolution

� Thecompilerassumesthatsincethecodewasto beexecuted
asasequentialMATLAB codewhichhasadefault resolution
of 4, all outputvariableshavearesolutionof 4 andbackprop-
agatethis informationin theerroranalysisphaseto determine
theresolutionof intermediaterealvariables

Hence,thetolerableerrorfor theintermediaterealvariableusedin
calculatingthe outputpixel is determined.The forward propaga-
tion algorithm1 usesthe transformationsoutlinedin Figure 5 to

find out the error in the calculationof the intermediatereal vari-
ables,both becauseof its representationusing lessernumberof
bits andalsobecauseof its computationfrom otherreal variables
which have errorsin their representation.This error is in terms
of the numberof bits t usedin representingthe fractionalpart of
thevariable.Both theinformation,namelythetolerableerrorand
the error dueto computationusinglessnumberof bits is usedto
determinethe minimum numberof bits requiredto representthe
variable.Hence,anerroranalysiswill give ustheminimumnum-
berof bits requiredto representthefractionalpartof therealnum-
berswhile theprecisionanalysisalgorithmin theprevioussection
will give ustheminimumnumberof bits requiredto representthe
integerpartof therealnumber.

Further, sincemostimageprocessingapplicationshave callsto
sin,cos,expandsqrt functions,it is necessaryto instantiatelookup
tablesfor thesefunctionsin theFPGAcore,else,thetime takento
transferdataout of theFPGA,executethesefunctionson thegen-
eral purposeprocessorandbring backthe datawould result in a
performancebottleneck.To instantiatea lookuptablefor thefunc-
tion .0/1
32545687:9 , it canbe seenthat if theprecisionof variablex
is p bits, then,the maximumnumberof pointsin the X axis that
variablex cantake is +%; . Hence,the lookup tablewould have +%;
rows. Also, if theresolutionof all floatingpoint variablesis found
outby theerroranalysisstageto ber bits,then,sincecos(x)attains
valuesbetween-1 and+1, all rows in the lookuptablewould be r
bitswide. Hence,for theunoptimizedhardwarewithouterroranal-
ysis,thelookuptablewouldhave +�<>= rowsof 32bitswidth. Onthe
otherhand,afterourerroranalysisphasehasdecidedtheoptimum
resolutionto ber bits, thesizeof thetablewould bereducedto +�?
rowsof r bitswide resultingin savingsin FPGAresources.

6. MEMOR Y PACKING

It is well known thatmostof thecomputationsin imageprocessing
applicationsinvolvememoryaccesses.Whensuchapplicationsare
compiledfor asystemwith anexternalmemoryasis truefor most
commerciallyavailableFPGAboards,memoryaccessbecomesa
performancebottleneck.Hence,reducingthe numberof external
memoryaccessescould lead to performancegains. An example
imageprocessingcodefor Region Splitting in MATLAB is given
in Figure 6. An importantobservation in this codeis that each
iterationof theloopmakesamemoryaccesswhich is independent
of otherloop iterations.Also, thememoryaccesspatternsareuni-
form. Most imageprocessingapplicationsthatweconsideredhave
characteristicswhich aresimilar to Figure 6, namelyno loop car-
rieddependenceanduniformmemoryaccess.If theseapplications
are targetedfor executionon commercialFPGA boardswith an
externalmemoryasin theWildChild andtheWildStar boardfrom
AnnapolisMicro Systems,theneachmemoryaccesscouldtake as
long as3-4 clock cycleson any of theseboards.Oneway of im-
proving theperformanceis pipeliningthememoryaccesses[12].
Yet anothermethodwhich canbe implementedover pipelining is
by packingmore than one array elementinto the samememory
location. For example,theWildChild architecturehasanexternal
memorywhich is 32 bitswide for PE0. In Figure 6, if weassume
that theimagea andb arein a grayscaleformatandhave a value
rangeof @BADCE+GFHFJI , then the precisionof the imagesis 8 bits
andwe canpackupto 4 arrayelementsin onememorylocation.
In the Region Splitting codeshown, sincethe loop iterationsare
independent,wecanunroll theloopby a factorof 4 sothatin each
loop iteration,thereare4 differentarrayelementaccesseswhich
have the samephysicalmemorylocations.Hence,the total num-
ber of memoryaccessis decreasedby a factorof 4 reducingthe
totalnumberof clockcycles.

6.1. Algorithm for Memory Packing
Algorithm 2 findstheoptimumPackingOrder (PO)for eacharray,
wherePO is definedby the maximumnumberof arrayelements



If we useonly t bits for decimalrepresentationinsteadof INF numberof
bits, thentheerrorwouldbe:K = LHMONQP8R ,�S�T LHMUNVP8R =WS�T LHMONQP8R <>S�TYX3X>X3T[Z

= L MUNVP8R ,�SE\�] T ,, T ,=_^ TYXEX>X3T0Z
= LHMUNVP8R ,�S \ ,, Ma`^

b
= L McP

rep(a)is therepresentationof variablea in our representation� a= (float)b /* b is aninteger*/d K " = 0
� floata= 7.3245658d rep(a)= a+ K "

whereK "fe LHMcP
� a= b + cd rep(a)= rep(b)+ rep(c)

= b + K_g + c + Kih
= (b + c) + ( K_g T K h )
= a+ K "

Hence,K " = K g T K h� a= b - cd
rep(a)= rep(b)- rep(c)

= b + K g - c + K h
= (b - c) + ( K g T K h )
= a+ K "

Hence,K " = K_g T Kih� a= b � cd rep(a)= rep(b) � rep(c)+ K
This K arisesdueto roundingof/truncationof the2t bitsgeneratedon
multiplicationto t bits.
Hence,rep(a)= (b + Kig ) � (c + K h ) + K

= bc + (b K h + c K g + K )
= a + K "

Hence,K " e rep(b) � K h + rep(c) � K g + L M�P
� a=

gh
= \

g Rkj�lh Rkj�m
b

= \
g R:j�lh b \�] T j�mh b M ,

= \
g R:j lh b \�] � j�mh b

=
gh � gh ^

Kih T j lh
= a+ K "

Hence,K " = ,h \ K_g � gh Kih b

Figure5. Subsetof Transformations for Err or Analysis

for  j = M1:1:M2
    for i = N1:1:N2
        sum = sum + a[j][i] ;
sum  = sum /  ((N2 - N1) * (M2 - M1)) ;
for j = M1:1:M2

    for i = N1: 1: N2
        b[j][i] = (unsigned char) sum ;

Figure 6. Example MATLAB codeshowing application of Re-
gion Splitting

for i = 1:1:20

end
a[i+2] = b[i] + c[i+1];

for i = 1:4:20
a[i+2] = b[i] + c[i+1];
a[i+3] = b{i+1] + c[i+2];
a[i+4] = b[i+2] + c[i+3];
a[i+5] = b[i+3] + c[i+4];

end

Figure7. Exampleshowing loop unrolled for Memory Packing

thatcanbepacked in eachmemorylocation. Theminimumnum-
berof bits requiredby thearrayelementscanbedeterminedeither
by : 1 parsingthe input imagefiles provided, 2 provided by the
uservia directivesand3 computedby theprecisionanalysisphase.
Sincemostof theimagesreadin from MATLAB arestoredin a2-
dimensionalarray, theprecisionof theinput imagesis inferredby
parsingthe input matricesto get the maximumvalueof the array
elements.Figure 7 shows a typical loop describedin MATLAB
andits unrolledversion.As memorypackingrequiresconsecutive
arrayaccessacrossloops,step8 of algorithm2, findsout thearray
accesspatternsaccrossloop iterations.Sincethemaximumunroll
factorof theloopcanbeequalto thearrayPO,weneedto find the
arrayaccesspatternof thefirst POiterationsof theloop. Theunroll
factorof eachmemoryaccessin a loopis definedby thenumberof
arrayelementaccessesacrossloopswhich lie in thesamephysical
memorylocation. To minimize the numberof memoryaccesses,
step12unrollstheloopby themaximumunroll factor. For theun-
rolledloopin Figure 7,boththearraysa andc requiretwomemory
accesseswhile arrayb requiresonememoryaccessin a singleit-
erationof theloop. Thus,thetotal numberof memoryaccessesis
reducedby 55 % dueto memorypacking.

Algorithm 2 MemoryPackingAlgorithm

Input: MATLAB AST with all array elementsmappedto a different
memoryaddress
Output: VHDL AST with certainarrayelementpacked into the same
memorylocation
Algorithm:
1. Parseinput datafiles or parsein userdirectivesor usealgorithm1 to
getprecisionof inputarrays
2. Usealgorithm1 to getprecisionof intermediatearrays
3. DecideArrayPackingOrder (APO)of eacharraywhere:

arrayAPO= floor(Memorywidth / arrayprecision)
4. actualPackingOrder (PO)= max(APO)
5. for all innermostloopsin theapplication
6. Performa simpleDependanceAnalysisto checkfor loop carried
dependancies
7. for all arrayaccessesin a loop
8. Calculatetheset \�nfo & n , & X3X>X & nqpkr M ,

b
where

nts is thearrayelementaccessin the ith iterationof theloop
9. Calculatethe set nfs�uwvyx which is the arrayelementaccess
patternin theloop
10. Calculatemaximumunroll factorof the loopssothat in each
loop iteration,this particulararrayaccesswhenunrolledleadsto only 1
packedmemoryaccess
11. end for
12. Final Unroll Factor= gcd(maximumof all the individual array
accessunroll factors,loopstopvalue)
13. Unroll theloop in theMATLAB AST
14. Mark all arrayaccessesin theloopwhichareredundant
15. end for
16. Performall otherOptimizationsin theMATLAB AST
17. In creationof theVHDL AST, all memoryaddressesarechangedto
(memoryaddress)% PO
18. DeadCodeeliminationremovesall redundantaddressaccessesin
VHDL AST

7. EXPERIMENT AL RESULTS

The experimentalsetupconsistsof the precisionanderror analy-
sis algorithmfollowed by the memorypackingalgorithmimple-
mentedin the framework of the MATCH compiler [13]. Ex-
perimentswere carriedout on a set of widely usedimagepro-
cessingapplicationslike TransitiveClosure, SobelEdge Detec-
tor, Motion Estimation, Image Thresholding, HomogeneousRe-
gion Testing, Matrix multiplication, Vector sum, Inverse Hough
Transform, HoughTransform, IIR Filter, GaussianNoiseGener-
ator andLaplacianNoiseGenerator. Of these,thefirst seven are



Table2. Experimental Resultsshowing efficient FPGA resourceusageand impr ovementin performancefor benchmark algorithms,
* : The designcould not beplacedand routedon the Xilinx 4028,- : Designnot available

unoptimized with precision with precisionanalysis manuallygenerated
hardware analysis andmemorypacking hardware

Benchmarks CLBs Freq. Time CLBs Freq. Time CLBs Freq. Time CLBs Freq. Time
Sobel 856 20.7 * 483 23.6 0.41 561 21.8 0.38 199 18.6 0.06

ImageThresholding 162 28.4 0.09 73 29.7 0.07 144 20.0 0.05 41 27.3 0.04
Homogeneous 215 25.6 0.11 93 31.7 0.08 149 28.2 0.06 39 26.4 0.02
Matrix Mult. 591 20.1 * 133 25.1 12.61 192 21.3 5.7 304 19.9 4.6

Closure 1177 19.3 * 164 24.1 12.71 431 21.7 0.88 - - -
VectorSum 116 32.7 0.06 86 38.4 0.05 132 35.1 0.02 41 28.3 0.01

integerbenchmarksandthelastfivearefloatingpointbenchmarks.
A detaileddescriptionof thesealgorithmscanbe found in [26].
For eachbenchmark,first a descriptionof the algorithmin MAT-
LAB waspassedthroughour compilerwithout any optimizations
to gettheunoptimizedhardware.Secondly, thealgorithmin MAT-
LAB waspassedthroughourcompilerwith theprecision,errorand
memorypackingphasesto gettheoptimizedhardware.Theoutput
of our compilerwasthe descriptionof a hardwarein VHDL. We
usedtheSynplifytoolsfrom Synplicityto getthenetlistandtheAl-
liance toolsfrom Xilinx to get theFPGAbit streamfor theXilinx
XC4028FPGA with an externalmemoryon the �z�����D{t�����������
boardfrom AnnapolisMicro Systems.

Figure 8 shows thaton anaverage,thedesignsconsumeabout
afactorof 5 lessFPGAresourcesafterourprecisionanalysisphase
ascomparedto theunoptimizedhardware. It canbeseenthat for
somebenchmarkslike IIR Filter, the optimizedhardware usesa
factorof 9.5 lessresourcesthanthe unoptimizedhardware. Fur-
ther, Figure 2 shows thatour manuallydesignedhardwarefor IIR
Filter consumesresourceswhich area factorof 4.7 lessthanthe
unoptimizedhardware,which impliesthatourautomatedtool gen-
eratesa moreresourceefficient hardware,by almosta factorof 2,
ascomparedto evenamanuallydesignedhardware.Thereasonfor
this is that thoughit is easyto determinetheminimumnumberof
bits manuallyfor theinput andtheoutputvariablesevenfor com-
plex designs,computingtheprecisionfor intermediatevariablesfor
hardwarespanningovera1000linesof VHDL codeis verytedious
anderrorprone. This is because,the userhasto mimick thepre-
cision analysisphasein propagatingvaluerangesthroughoutthe
code.Hence,it canbeinferredfromFigure 8 thatfor largedesigns,
ourcompilerwouldgenerateefficienthardwarewhichwouldbeas
goodasor betterthana manuallydesignedone. Table 2 shows
theactualCLBs requiredandtheexecutiontime for somedesigns
aftertheoptimizationphases.It canbeseenthattheexecutiontime
of thedesignsdecreasesby about20% aftertheprecisionanalysis
phase.This is becausethenumberof CLBs requiredfor the logic
decreasesafter this phaseso that the commercialhigh level syn-
thesistoolscanroutedesignsin amoreefficientmannerleadingto
increasedfrequency of execution.

Figure 9 shows theaveragereductionin FPGAresourcesafter
our combinedprecisionanderroranalysisalgorithmto bea factor
of 3.5 ascomparedto the unoptimizedhardwarefor applications
with floatingpoint operations.Thereasonfor thesesavingsis be-
causewewereableto useaunifiedapproachof precisionanderror
analysisto determinetheminimumnumberof bitsrequiredfor real
variables.Thefinal savingsin FPGAresourceswould befar more
thanthe numbershown. This is becauseour error analysisphase
would alsodeterminethe minimum sizeof the sin, cos,sqrt, log
lookuptablessothattheerroris minimized.For example,without
any error analysis,the userwould have instantiateda cos lookup
tablewith +G<>= rows of 32 bit width for the InverseHoughTrans-
form MATLAB codefor executionon anFPGAboard.Our error
analysisphaseinfers the minimum resolutionof real variablesto
be 14 for this application.Hence,our compilerwould instantiate

a coslookuptableof + ,�| rows with width of 14 bits which would
leadto ahugesavingsof FPGAresources.

Figure 10 shows that on an average,our optimizedhardware
aftermemorypackingis fasterby 35 %. This is becauseour op-
timization tries to reducethe total numberof accessesto the ex-
ternalmemoryin the program. For mostapplicationswhich are
easilyparallelizablelike VectorSum, we canget almost60 % re-
ductionin the executiontimes. Column4 of Table 2 shows that
the resourcesconsumedafter the memorypackingphasegoesup
by almost50 %. This is becauseour memorypackingalgorithm
unrollstheMATLAB for loopsto extractmoreparallelism.Hence,
thereis clearly a resourceversusperformancetradeoff. For ap-
plicationslike SobelTransform, the major part of the algorithm
is computedinside a loop with a hugelist of statements,which
would have beenquadrupledif it wereunrolledfor memorypack-
ing. Mosthigh level syntheistoolslikeSynplifyarenotableto per-
form resourcesharingoptimally in suchconditions.Hence,though
unrolling would improve the hardwareperformance,the packing
algorithmis selectively appliedin the Sobelapplicationresulting
in animprovementof only 8 %.

Table 2 shows the detailsof our experimentalresultsinclud-
ing theCLB count,clock frequency of thesynthesizeddesignand
theexecutiontime of the designon the WildChild boardfor vari-
ousbenchmarkapplicationsfor thehardwarewithouttheoptimiza-
tions, the optimizedhardware afyer precisionanderror analysis,
for theoptimizedhardwaregeneratedafterprecisionanalysisand
memorypackingandfor the manuallygeneratedoptimizedhard-
ware.It canbeseenfromTable 2 thatthemanuallygeneratedhard-
wareis betterthanthehardwaregeneratedby theoptimizingcom-
piler by almosta factorof 2.7.This is becausethemanuallygener-
atedhardwaremakesuseof the fact that theexternalmemoryac-
cesseson theWildChild boardcanbepipelined.Hence,pipelined
memoryreadsandwritestakeoneclockcycleascomparedto three
clock cyclesfor our compilergenerateddesigns.Sincea pipelin-
ing algorithm [11] canbeimplementedaftermemorypacking,we
expectthe designsgeneratedby the compilerafter the pipelining
phasehasbeenintegratedto thecurrentMATCH framework to be
asgoodasthemanuallygeneratedhardware.
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Figure 8. Ratio of the FPGA resourcesin terms of CLBs re-
quir ed by the unoptimized hardware to that required by the
optimized hardware after precisionanalysisfor integer appli-
cations
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8. CONCLUSION

We have presenteda framework for generatingan efficient hard-
warefor image/signalprocessingapplicationsdescribedin MAT-
LAB. Wehaveproposedarepresentationof floatingpointvariables
which would leadto optimalusageof FPGAresources.Also, we
haveproposedaprecisionanderroranalysisalgorithmto generate
hardwarewith anaverageresourcerequirementreducedby afactor
of 5 ascomparedto anunoptimizedhardwarebeforeour analysis.
We have alsoproposeda memorypackingalgorithmto generate
fasterhardwarerequiringanaverageof 35 % lessexecutiontime.
We have proven the strengthof the optimizing compilerby syn-
thesizinghardwarefor certaingimageprocessingalgorithmsthat
areasgoodasthemanuallydesignedhardwarein performanceand
resourceneeds.
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