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ABSTRACT

This work describestheoptimizationof a signalprocessingfront-
end for a distributedspeechrecognitionsystemwith the goal of
reducingpower consumption.Two categoriesof sourcecodeopti-
mizationswereused,architecturalandalgorithmic. Architectural
optimizationsreducethepower consumptionfor a particularsys-
tem, in this case,theHP LabsSmartbadgeIV prototypeportable
system.Algorithmic optimizationsaremoregeneralandinvolve
changesin the algorithmic implementationof the sourcecodeto
run fasterandconsumelesspower. A cycleaccurateenergy simu-
lationshowsareductionin powerusageby 83.5%with theseopti-
mizations.Theoptimizedsourcecoderuns34timesfasterthanthe
original code,thereforeit canrun at lower processorclock speeds
andvoltagesfor further reductionsin power consumption.This
technique,known asdynamicvoltagescaling,was implemented
on theSmartbadgeIV hardwarefor anoverall reductionin power
usageof 89.2%.

1. INTRODUCTION

This work describestheoptimizationof a signalprocessingfront-
end featureextraction for a distributed speechrecognitionsys-
tem. The baselinesystemusedin the experimentsis version0.3
of the open-sourceSphinx II speechrecognizerfrom Carnegie
Mellon University [1]. The optimizationmethodsusedfor the
algorithm substantiallydecreasethe power usagewhile increas-
ing speed(measuredin processorcycle counts).Estimatesof to-
tal power usageareperformedusinga cycle-accurateenergy con-
sumptionsimulator [2]. The architectureof the embeddedsys-
tem simulatedin the experimentsmimics thatof the Smartbadge
IV systemdevelopedat theAppliancePlatformdepartmentof HP
Labs[3]. In additionto performingenergy consumptionsimula-
tionsto evaluatethequality of sourcecodeoptimizations,we also
implementedand ran the optimizedversionof the front-endon
SmartbadgeIV hardware.We foundthatreal-timesignalprocess-
ing of speechis possibleat eleven discreteCPU frequency and
voltagesettings,thusenablingfurtherpower savings.

A block diagramof a speechrecognitionsystemis shown in
Figure1. It caneasilybe divided into two parts,a front-endand
a back-end.Thefront-endproducesa setof acousticobservations
which areuseful in recognizingspeech.The back-endis where
mostof thecomputationandmemoryusagetakesplace.Theback-�
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endcaneasilyusehundredsof Mbytesof memoryandhundreds
of MIPSof computation.
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Fig. 1. Block diagramof a typical speechrecognizer[4].

Sincethefront-endfeatureextractionstepis relatively low in
complexity, it is desirableto performthis stepon the embedded
device and to sendcompressedfeaturesacrossthe network. It
hasbeenshown that thesefeaturescan be compressedwith lit-
tle effect on theerror rateof thespeechrecognizer[5]. TheETSI
standardfor distributed speechrecognitiondescribesalgorithms
to compute,compress,andtransmitthesespeechfeatures[6]. We
areconsideringonly thecomputationof thesefeaturesandnot the
compressionandtransmission.

2. THE SIGNAL PROCESSING FRONT-END

Theacousticobservationsgeneratedby thesignalprocessingfront-
endor “featureextraction” steparemel-frequency cepstralcoeffi-
cients.Mel-frequency cepstralcoefficientsarecalculatedusingthe
real cepstrum,definedasthe inverseFourier transformof the log
spectrum:
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whereS
�
ω � is thespectrumof thespeechsignal.Thefeaturesused

in the Sphinx II speechrecognizerconsistof 13 mel-frequency
cepstralcoefficients computedevery 10ms. Secondaryfeatures,
consistingof first andsecondtime derivativesof thecepstrum,are
also used,but they can be calculatedeasily at the back-end. A
morein depthdiscussionof the theoryandpropertiesof thecep-
strumcanbefoundin [7].

In practice,themel-frequency cepstralcoefficientscanbecom-
putedusing the algorithmin Figure2. We assumethe digitized
speechis 16-bit linear sampledat 16kHz. A pre-emphasisfil-
ter whitensthespeechsignalandoverlappingframesof 25msare
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Fig. 2. Thealgorithmusedto computethemel-cepstrum.

multipliedby aHammingwindow. Next themagnitudesquaredof
thediscreteFouriertransform(DFT) is computed.Themagnitude
squaredis processedby a setof mel-filter banksto produceanes-
timateof themel-spectrum.Themel-filter banksareimplemented
asa seriesof overlappingtrianglefilters, Hi � k� , that arecentered
on equallyspacedfrequenciesin the mel-scale.The result is an
estimateof thetotalenergy in the ith critical band:

Y � i �� N � 2
∑
k � 0

�X � k��� 2 Hi � k� (2)

whereX � k� is the DFT of the windowed speechsignalandHi � k�
containsthe filter-bankcoefficients. Finally, the logarithmof the
mel-spectrumis takento produceaweightedlog energy, Ỹ � i � . The
weightedlog energy is realandeven,sotheinverseFouriertrans-
form can be implementedas a discretecosinetransform(DCT)
with equivalentresults.

3. LOW-POWER OPTIMIZATION

Implementingthefrontendfeatureextractionfor adistributedspeech
recognitionsystemon an embeddedplatform requiresnot only
speed,but also power optimization,sincethe batterylifetime in
suchdevicesis very limited. This work discussesboththesource-
codeandtherun-timeoptimizations.A goodoverview of thepre-
viouswork donein codeandrun-timeoptimizationfor low power
is presentedin [13].

The sourcecodeoptimizationscanbe groupedinto two cat-
egories. The first category, architecturaloptimizations,aims to
reducepower consumptionwhile increasingspeedby using op-
timization methodstargetedto a particularprocessoror platform
(e.g. anembeddedsystemwith no floating-pointhardware). Ide-
ally, many of theseoptimizationsshouldbe doneby a compiler.
However, currently available compilersfor most embeddedsys-
temsdo not have theseoptimizationsbuilt-in. In addition,mea-
surementspresentedin [2] show thattheimprovementsthatcanbe
gainedusingstandardcompileroptimizationsaremarginal com-
paredto writing energy efficientsourcecode.Thesecondcategory
of sourcecodeoptimizationsis moregeneralandinvolveschanges
in thealgorithmicimplementationof thesourcecodewith thegoal
of fasterperformancewith lesspower consumption.

The final optimizationpresentedin this work, dynamicvolt-
agescaling(DVS), is the mostgeneralsinceit canbe appliedat
run-timewithout any changesto the sourcecode. Dynamicvolt-
agescalingalgorithmsreduceenergy consumptionby changing
processorspeedandvoltageat run-timedependingontheneedsof
the applicationsrunning. The maximumpower savings obtained
with DVS areproportionalto thesavings in frequency andto the
squareof voltage.

3.1. Architectural Optimization

Signalprocessingalgorithmssuchastheonein Figure2 aregen-
erally mathematicallyintensive, thereforea significantamountof
effort wasspentin optimizingthearithmetic.In addition,simpleC
codeoptimizationswereemployed to help the compilergenerate
moreefficientcode[9].

Profiling of the sourcecodeon a StrongARM simulatorre-
vealedthatover 90% of the time wasspentin floating-pointem-
ulation. TheStrongARMhasno on-chipfloating-pointprocessor,
soall floating-pointoperationsmustbeemulatedin software.Sim-
ply changingfrom doubleto singleprecisionfloatsimproved the
performanceconsiderably. However, profiling showed that 80%
of the time wasstill beingspentin floatingpoint emulation.Any
furthergainsrequirefixed-pointarithmetic.

Fixed-pointarithmeticusesscaledintegersto perform basic
math functionsusing the existing integer hardware. The scaling
factor(or locationof thedecimalpoint) is fixedatdesigntimeand
is designatedby Qn, wheren is the numberof bits to the right
of thedecimal.Thebasicrulesof arithmeticstill hold;addingtwo
numbersrequiresthatthedecimalpointsmustline up. Multiplying
two numbersin Qn formatyieldsa numberin Q2n format.

Implementingapre-emphasisfilter andHammingwindow us-
ing fixed-pointarithmeticis straight-forward. Fixed-pointFFTs
arewell studiedandhave often beenimplementedon digital sig-
nalprocessorchips.

After passingthe input framethroughthe FFT, the mel filter
bankmustbeapplied.Recallthatthefilter bankamplitudesin (2)
arecalculatedusingthe squaredmagnitude.This presentssome
challengessincethis squarednumbermultiplied by the filter co-
efficients,Hi � k� , caneasilyoverflow the32-bit registers.A 64-bit
resultcanbe obtainedfrom the StrongARMmultiplier usingas-
semblylanguage,but overflow canbeavoidedsimplyby rewriting
thefilter bankequation(2) to usejust themagnitude:

Y � i ��� N � 2
∑
k � 0 � �X � k����� Hi � k��� 2

(3)

This avoidsoverflow sinceHi � k��� 1, thereforetheresultof each
multiplication is small. The coefficients, � Hi � k� , arestoredin a
lookuptable.

Theonedrawbackto this methodis thatcomputingthemag-
nituderequiresa squareroot operation. Fast integer squareroot
algorithmsexist, but they mustbe usedon eachoutput from the
FFT, which is costly. Fortunately, themagnitudecanbeestimated
asa linearcombinationof the real andimaginarypartsusingthe
following equation[11]:

� x ��� αmax
� �ℜ � x��� ���ℑ � x��� �� βmin

� �ℜ � x �!� � ℑ � x��� � (4)

whereα andβ arechosento minimizea particularkind of error,
andℜ � x� andℑ � x� representthe realandimaginarypartsof the



complex numberx. This formularotatesa complex phasorto be-
tween0 andπ " 4 radiansandthentakesalinearcombinationof the
realandimaginaryparts.Thevaluesof α andβ arechosento have
aneasyfixed-pointrepresentationthatminimizesthemeanerror.

Computingthe first 13 coefficients of the DCT is relatively
easyto do in fixed-pointarithmetic,but taking the naturalloga-
rithm is a moredifficult task. However, thereis an interestingal-
gorithmto estimatelog2

�
x� usingsimplebit manipulation,which

is fasterthanothermethodsof calculatingthelogarithm. This al-
gorithm,describedin [12, 13], is very low in complexity andgives
anapproximatefixed-pointresult.Theln

�
x� canbedeterminedby

multiplying by a constantasfollows:

ln
�
x��� log2

�
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2� (5)

Onefinal adjustmentmustbe madewhenx is itself a fixed-point
numberin Qn format,which is just a scaledinteger:
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Equation(7) is theexpressionusedto calculatethenaturallog of
a fixed-pointnumber. Usingprecisionof Q3, this estimateof the
logarithmhasa maximumerror of around0.152andan average
errorof around0.0866.

3.2. Algorithmic Optimization

Profilingof theoriginalsourcecodeunderaStrongARMsimulator
revealedthatmostof theexecutiontime wasspentin thecompu-
tationof theDFT (which is implementedasanFFT).Sincespeech
is a real-valuedsignal,anN-point complex FFTcanbereducedto
anN " 2-pointrealFFT[10]. Somefurtherprocessingof theoutput
is requiredto get the desiredresult,but this overheadis minimal
comparedto thereductionin computation.Additional savingscan
beobtainedwhenthetrigonometricfunctionsusedin thecompu-
tation of the FFT arepre-computedandstoredin a lookup table,
thuseliminatingmultiple functioncallsin theFFT loop.

3.3. Dynamic Voltage Scaling

Oncethecodeisoptimizedfor bothpowerconsumptionandspeed,
furthersavingsarepossibleby changingtheprocessingfrequency
andvoltageat run-time. In this work, we investigatethe savings
possiblewith DVS for the front-endof a speechrecognizerrun-
ning on SmartbadgeIV hardware. TheStrongARMprocessoron
SmartbadgeIV canbeconfiguredatrun-timebyasimplewrite to a
hardwareregisterto executeatoneof elevendifferentfrequencies.
Notethatthenumberof frequenciesis predefinedby thedesignof
the StrongARMprocessor. We measuredthe transitiontime be-
tweentwo differentfrequency settingsat150microseconds.Since
typical processingtime for the front-endis muchlongerthanthe
transitiontime, it is possibleto changethe CPU frequency with-
outperceivableoverhead.For eachfrequency, thereis a minimum
voltagetheSA-1110needsin orderto runcorrectly, but with lower
energy consumption.Theeasiestwayto determinethelowestpos-
sible frequency andvoltagefor suchstandaloneapplicationis to
run it at all possiblefrequency settings,with voltagesetto mini-
mumallowed,andobserve if thecodestill runsin realtime. In our
case,we obtainedreal time performanceat all possiblefrequency
andvoltagesettings.

4. RESULTS

Threemain criteria areconsideredin orderto evaluatethe effec-
tivenessof aparticularoptimization:performance(in termsof pro-
cessorcyclecount),energy consumption,andaccuracy or worder-
ror rate(WER).Simulationresultsfor processingoneframe(25ms)
of speechontheSmartbadgeIV architecturerunningat202.4MHz
areshown in Figure3. Thex-axis shows the sourcecodein var-
ious stagesof optimization. The“baseline”sourcecodecontains
no software optimizations. The “optimized float” codecontains
the setof optimizationsdescribedin section3.2 aswell assome
of the C sourceoptimizationsdescribedin [9]. Double preci-
sionfloating-pointnumberswerechangedto singleprecision32-
bit floats in the “32-bit float” versionof the code. Finally, the
“fix ed-point” implementationcontainsall of thesourcecodeopti-
mizationsdescribedin thispaper. For eachversionof thecode,we
report the performance(in CPU cycles)andthe total batteryen-
ergy consumed(in µWhrs). The simulationresultsarecomputed
by thecycle-accurateenergy simulator, andincludeprocessorcore
andlevel 1 cacheenergy, interconnectandpin energy, energy used
by thememory, lossesfrom theDC/DC converter, andbatteryin-
efficiency [2]. Thereductionin energy consumptionis not asdra-
maticastheperformanceimprovementfor thefixed-pointversion
dueto an increasein memoryreferencesper unit time. In fixed-
point code,basicmathoperationsarereducedto a few cyclesas
opposedto long iterationsof floating-pointemulationwhich do
not requireasmany memoryreferences.However, we have still
achievedareductionin thetotalbatteryenergy requiredto process
oneframeof speechdataby 83.5%.
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Fig. 3. Performanceandenergy consumptionperframeof speech.

Thefront-endwastestedusingtheTIDIGITS speechdatabase,
andthe resultsareshown in Table1. A continuousdigit speech
recognizerwastrainedusingtheTIDIGITS databaseof 8,623ut-
terancesfrom bothmaleandfemalespeakers. Theoriginal float-
ing point front-endwasusedto generatemel-frequency cepstral
coefficients for the training set. No secondaryfeatures(first and
secondtimederivativesof themel-frequency cepstrum)wereused
in the training or test phases. The trainedspeechmodelswere
thenusedto recognizespeechfrom theTIDIGITS testsetof 8,700
utterances.The WER wascalculatedusingthevariousfront-end
implementationsandis shown in Table1. Thereis no lossin accu-
racy amongthethreefloating-pointimplementations,but thefixed-
point implementationusessomeapproximatealgorithmswhich



cancreateaslightmismatchbetweenthetrainingandtestdata.We
wereableto eliminatetheslight 0.1%increasein WER by using
the fixed-pointfront-endduring the training phase. In addition,
Table1 shows a minimal increasein lookup tablesizeandcode
size, so the memoryrequirementsfor the fixed-pointoptimized
codeareaboutthesame.Anotherperformancemetricreportedin
Table1 is how long it took for eachcodeimplementationto pro-
cess1 secondof speechattheprocessorclockspeedof 202.4MHz
(Time column). Thefixed-pointversionruns34 timesfasterthan
thebaselinesystem.

Table 1. TIDIGITS testsetresults.

Codesize Lookuptable Time WER
(Bytes) (Bytes) (sec) %

Baseline 29704 N/A 1.510 4.2%
OptimizedFloat 31960 88120 0.699 4.2%
32-bitFloat 31272 88120 0.235 4.2%
Fixed-Point 33124 88136 0.043 4.3%

Becausethefixed-pointcoderunsmuchfasterthanreal-time
at 202.4MHz,it is possibleto get further reductionsin power us-
ageby usingDVS asdiscussedin section3.3.Theresultsfrom this
experimentareshown in Table2. Thesepower measurementsare
performedontheSmartbadgeIV systemrunningtheeCosembed-
dedoperatingsystemandusingtheWaveLAN cardto transmitthe
uncompressedcepstralparameters.ThePsysmeasurementis taken
from themainpowersupplyoutput.At 59MHz thealgorithmstill
runsin real-time,andthesystemuses34.7%lesspowerthanat206
MHz. CombiningtheDVS resultswith thesourcecodeoptimiza-
tions,we calculatetheoverall reductionin power consumptionto
be89.2%.

Table 2. MeasuredPower Consumptionwith DVS.
Frequency Voltage Psys

(MHz) (V) (mW)
59 0.78 1721
74 0.94 1807
89 1.09 1901

103 1.21 2029
118 1.33 2114
132 1.42 2234
147 1.51 2320
162 1.57 2432
176 1.63 2508
191 1.67 2568
206 1.69 2636

5. CONCLUSION

In this paper, we have outlinedsomeoptimizationtechniquesto
reducethe energy consumptionof a particularsignalprocessing
algorithm.Onembeddedsystemswith nofloating-pointhardware,
fixed-pointarithmeticis an importantstepin lowering the power
consumptionof a program. However, careful attentionmust be
paid to basic math functions (i.e. cosine,log, etc.) and over-
flow/underflow issues.Approximatealgorithmsperformwell for

certainapplicationsand can result in hugesavings in both time
andpower usage.By usingsoftwareoptimizations,we wereable
to achieve a reductionin energy usageby 83.5%comparedto the
unoptimizedsourcecode.Finally, we show thatadditionalpower
savingsarepossibleby scalingprocessorfrequency andvoltageat
run time,while still meetingtheperformancerequirements.At the
lowestfrequency/voltagesetting,wecalculateanoverall reduction
in power consumptionby 89.2%.
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