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Introduction

The aim of this work Is to developa hummingbasedsolution to

emulatejoystick-type continuouscommanddgor handsfree control

of robots Think-A-Move (TAM) haspreviously developedspeech
and tonguemovementbasedhandsfree control systemsthat work

consistentlyevenin extremelynoisy environmentsThe novel idea
behindthis technologyis that the acousticsignalis capturedin the

earcanalusinga patentedearpiecedevelopecat TAM. The earpiece
has a microphonewhich points into the ear canal to capturethe

soundsignals

Speechbasedcontrolis limited to producingdiscretecommandghat
aredifficult to adaptto joystick-type directionalrobot control With

the additionof hummingcontrolto our systemtherobotcansustain
a continuousaction as long as the operatorkeepshumming, thus
providing the operatorthe ability to precisely control the robot

Besidescontinuoussignal delivery, hummingallows the operatorto

continuouslyvary a control signalby varying the pitch of the hum

his canhavemultiple uses For example anincreaseor decreasen

pitch can be mappedto turning right or left. This is particularly
useful for an operator to execute multiple, minute changesin

directionfor precisecontrol Usingdiscretespeechcommandswith

iInherenttime delays, multiple, rapid correctionsin direction are
difficult. Varying pitch can also be usedto implementcontinuous
variationin velocity. For example,considerthe caseof pancontrol

of a camerausinghumming To pana cameraover a vistato locate
anobjectof interest,a usermight wantto sweepthe camerarapidly

over certainregionsand then move it more slowly over othersfor

Increasedacrutiny

The restof the posterdescribegreliminarywork doneat TAM for
hummingbasedcontinuouscontrolof robots
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Definition of Humming

In this work a hum Is defined as a signal which Is generated:
ABy humans using their vocal tract

AThe mouth has to be closed at the lips

AThe vocal cords must vibrate, that is, it is a voiced sound
AThe generated sound should sound like a nasal consonant /m/

AThe signal must have approximately constant pitch (a standard
deviation of 5 Hz is allowed)

hummi ng

as a hum

based

AThe signal must continue for at least 400 ms before being classified
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Methodology

The figure below shows the highlevel block diagram of the
hummingdetectiomalgorithm

Figure 2: Block diagram for the humming detection algorithm.

VoiceActivity Detection(VAD) Algorithm

The current version of the VAD algorithm is a modified
implementationof the algorithm proposedin [1]. The modified
algorithm dependsonly on signal to noise ratios (SNRs), and Is
completely independentof absolute energy levels (hence, it is
iIndependentof scalar multiplications of the input) . Also, the
modified algorithm is able to quickly adaptto changing noise
environments

The performancef the algorithmwasevaluatecdat 8 different SNRs
(inf, 60, 40, 20, 10, O, -5, -10) with 8 different noise samples
(airport, babble, car, exhibition, restaurant,street, subway, train)
from the auroradatabasdq?2] addedto 10 randomly selectedfiles
from TIMIT databasé3]. The performancevas measuredn terms
of 6 objectivemeasures

AHRO = hit rate for noise frames.

AHR1 = hit rate for speech frames.

AFront-End Clipping (FEC) = # of frames classified as freahd
clipping error/Total # of frames In the file.

AMid Speech Clipping (MSC)= # of frames classified as noise
within a contiguous speech period/Total # of frames in the file.

dANvisecDeteetedras Bpeech §NDSY efframes classified as
speech within a contiguous noise period/Total # of frames in the file.

AOver (overhang for speech classifications # of extra frames
classified as speech after the end of a speech period/Total # of
frames In the file.

Theresultsareshownin Figure3.
Pitch DetectionAlgorithm

In the currentversionof the hummingdetector,the pitch detection
algorithm called S W1 P(proposedin [4]) hasbeenused Please
referto thethesisfor detailedresultsfor pitch detection
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Figure 3: VAD Results for different noise types and SNRs.
Humming DetectionAlgorithm

Basedon the criteriadefining a sighalasa hum,andon the acoustic
characteristicsof nasal consonantsas shown in [5] and [6], the
following acousticparameterd APs) were chosenfor the task of
distinguishinga humfrom normalspeech

1. Standard Deviation of Pitch: The fundamentafrequencyof the
signalis usedas a parameterAs definedin the criteria usedto
defineasignalasa hum,the pitch shouldnotbevery variable

2. Mean and Standard Deviation of Low to High Energy ratio:
heseAPsareslightly modified versionsof the energyparameter
proposedin [5] and [6]. Since, the sampling rate in our
applicationis 8000 Hz, the energyratio Is evaluatedas the dB
value of the ratio of energyin the FFT powerspectrumn 0-350
Hz andtheenergyin 350-4000Hz.

3. Mean of Low FrequencyMaximum: Thisis thesameparameter
that was proposedn [5] and|[6] asthe spectralpeakfrequency
measureThevalueof this AP Is evaluatedy usingthefrequency
of the maximumvaluein the log amplitudeof the FFT spectrum
in 0-800Hz.

he algorithmusesframesof 30 mswith a shift of 10 mswhich for
a sampling rate of 8000 Hz correspondto a frame size of 240
sampleswvith a shift of 80 sampleslt calculateghe FFT of size256
aftermultiplying theinput by a Hanningwindow.

The algorithm buffers the valuesof the pitch, energyratio and the
low frequency maximum for a number of frames (= minimum
lengthof humming,which is 40 framesor 400 msin this case),anc
after that delay declareshumming as startedif (stdpitch< 5) anc
(meanLoHIEnRatio > -5) and (stdLoHIEnRatio < 5) and
(meanLoFregMax 300). Oncethatdecisionis made the humming

decisionis maintainedas long as the abovecondition is satisfied
Thehummingis declarecasendedwhena framedoesnot satisfythe
abovecondition

Dataset

3 speakers(2 male, 1 female), recorded8 files each, 4 with
humming, 2 with regularspeechand 2 files with just silence,with
ThinkAMo v enaesearmicrophone

Results

Results with the pilot database suggest that the proposed
methodologyworks really well in accuratelyrecognizinghumming

Out of the 24 files, only 1 file with humming was classified
erroneouslyas not containinghumming A screenshoof a file with

hummingis shownin Figure4 below

Figure 4: A screenshot of the output of the humming recognizer.

Future Work

APerform a detailed evaluation of the humming detector using
recordingdrom a muchlargersetof bothmaleandfemalespeakers

AExplorethe changen performanceby optimizing the valuesof the
different thresholdsusedfor decisionmaking Another option to
makethe decisionmore robustmight be to use a standardpattern
recognizeto find thethresholdsstatisticallywith alargedatabase

Alntegrate the humming detector into our existing system for
controllingUGVsto providecontinuouscontrolfunctionality,

AExplore the possibility of continuous changesin r obot 6 s

movementdasedn continuouschangesn pitch.
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