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Abstract. Ubiquitous computing environments are characterized by an
unbounded amount of noise and crosstalk. In these environments, tradi-
tional methods of sound capture are insu�cien t, and array microphones
are neededin order to obtain a clean recording of desired speech. In this
work, we have designed, implemented, and tested LOUD, a novel 1020-
node microphone array utilizing the Raw tile parallel processorarchitec-
ture [1] for computation. To the best of our knowledge, this is currently
the largest microphone array in the world. We have explored the uses
of the array within ubiquitous computing scenariosby implementing an
acoustic beamforming algorithm for sound sourceampli�cation in a noisy
environment, and have obtained preliminary results demonstrating the
e�cacy of the array. From one to 1020 microphones, we have shown a
13.7dB increase in peak SNR on a representativ e utterance, an 87.2%
drop in word error rate with interferer present, and an 89.6% drop in
WER without an interferer.

1 In tro duction

The interaction betweenhumansand computershasbeena central focusof ubiq-
uitous computing research in recent times. In particular, communication through
speech has beenextensively explored as a method for making human-computer
interaction more natural. However, computer recognition of human speech per-
forms whena recording can be madewithout the presenceof much ambient noise
or crosstalk. Seekingto create a natural setting, ubiquitous computing environ-
ments tend to fall in this category of situations wherenatural-in teraction speech
recognition is a challenging problem. When signi�can t levelsof noiseare present,
or several humans are talking at the sametime, recognition becomesdi�cult,
if not impossible, in the absenceof an appropriate technology to separate the
desired speech from the undesiredspeech and ambient noise.As part of MIT's
Project Oxygen [2], we have created a modular large microphone array, called
the Large acOUstic Data, or LOUD Array.

Recently , arrays of microphoneshave beenincreasinglyexploredasan aid for
untethered acoustic sourceselectionand ampli�cation. When sound is recorded
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in a noisy environment through a singlemicrophone,proximit y of the microphone
to the speaker's mouth is essential for audio of su�cien t quality for speech recog-
nition or transmission in a tele-conference.In many situations, this proximit y
can not be readily achieved { for instancewhen the recording is taking place in a
conferenceroom environment marred with crosstalk, a machine room with noisy
fans, or a large auditorium where an audiencemember is asking a question. In
thesesituations, a singlemicrophoneat a �xed location in the room cannot sepa-
rate the voiceof onespeaker from another, or the voiceof the speaker from noise.
In contrast, arrays of microphoneshave a spatial extent that can be exploited
alongwith the propagation qualities of a soundwaveto detect, separate,and am-
plify speech sourcesin a noisy environment. Microphone arrays can be \steered"
in software toward a desiredsoundsource,�ltering out undesiredsources.When
an appropriate level of computational power is available, microphonearrays can
also \trac k" a desiredsourcearound a spaceas the sourcemoves[3].

The LOUD modular microphone array currently consists of 1020 micro-
phones. Our reasons for building such a large array are twofold. First, the
performance of a microphone array improves linearly as the size of the array
grows. This is well establishedin the theoretical literature on microphonearrays
(e.g., [4,5]), and our experimental results in Section 5 con�rm this in practice.
To date, the largest microphone array known to us [6] had beena 512-element
array, and work in microphone arrays of this size has been extremely limited.
Second,ubiquitous computing applications often involve a large number of si-
multaneous feedsof streaming data (e.g., video, audio, haptics, etc). The I/O
bandwidth and computational power necessaryto processthesestreaming data
has pushed the limits of traditional computer architectures and I/O schemes.
To this end, our lab has been designing a scalableparallel processingarchitec-
ture called Raw [1], speci�cally designedto handle large volumes of streaming
data, such as that createdby a microphonearray. Raw belongsto a new classof
microprocessorscalled tiled architectures, which are designedto be e�ectiv e for
both generalpurposeand embeddedcomputation. Our microphonearray, which
generatesnearly 50 MB of data ever second, is an appropriate application to
test the limitations of this architecture. In fact, an acoustic beamforming algo-
rithm for 1020microphonesis present in the suite of tasks usedto evaluate the
performanceof the Raw processor[7].

In this paper we �rst present our architecture for a novel modular 1020-node
microphone array and beamformerutilizing a general-purposetile processorar-
chitecture for computation. The modularit y of the array represents the �rst
major contribution of this work. Second,we present the results for a prelim-
inary round of experiments giving speech recognition accuracy rates for data
collected with the array in a noisy environment, both in and out of the pres-
enceof an interferer. We show an improvement in speech recognition accuracy
from 3.0% with one microphone to 87.6% with the full 1020-microphonearray
(87.2% drop in word error rate) when an interferer is present, and from 9.6%
with onemicrophoneto 90.6%with the full array with no interferer (89.6%drop
in WER). The SNR improves by 13.7dB from one to 1020 microphones for a
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representativ e utterance. As the other main contribution of this work, we show
a steady improvemnt in recognition performanceand SNR as the sizeof the ar-
ray is increasedto 1020microphones,thus clearly demonstrating the bene�t of
the useof large arrays to record speech in noisy environments. A video demon-
strating the improvement in sound quality when using the array is available at
http://cag.csail.mit.edu/mic-arra y/videos/ . Finally, we outline our useof
the Raw general-purposetile parallel processorarchitecture, which, in contrast
with previously-usedDSP chips, allows programmers to write code in conven-
tional programming languages.Raw is currently able to run an acoustic beam-
forming algorithm in real-time on all the 1020simultaneous data streams from
the array.

We begin the paper with an overview of related work in Section 2. We then
outline the details of our microphone array hardware and processingsoftware
implementation in Section 3. Section 4 presents the setup and methods used in
our experiments to evaluate the array. In Section5, we present the results of our
experiments, and in Section 6, we discussthe results and relate our �ndings to
past work. In Section 7, we outline our plans for future work, and concludethe
paper.

2 Related Work

Sensorarrays have beenextensively explored in the past half-century , initially as
a tool for radar-basedtracking of objects [8], and then for a number of other ap-
plications including radio astronomy [9], sonarsystems[10], and seismology[11].
Over the past two decades,arrays of microphones(i.e., acoustic sensorsin air)
have been increasingly used for sound sourceseparation and ampli�cation, and
sincethe late 1980shave beenexplored as a tool for capturing audio in di�cult
acoustic environments [12,13].

Microphone arrays have quickly becomepopular asan aide for speech recog-
nition, and several recent projects are exploring the use of microphone arrays
for this purpose[14{16]. A number of projects report signi�can t improvements
in recognition performance when using a microphone array when compared to
a single omnidirectional microphone. For instance, [14] reports a near three-fold
decreasein recognition error rates using a circular array of eight microphones
in a conferenceroom, and [16] reports similar gains with an eight-microphone
linear array. However, all of theseusedsubstantially smaller arrays than the one
presented in this paper.

In the recent past, microphone arrays have seenincreasedexposure in ubiq-
uitous and multimo dal computing applications. For instance, [17] used a two-
microphone array as part of a multi-mo dal person tracking system on a mobile
robot, and [18] usedtwo microphoneson a speaker's tie to detect whether speech
was coming from the speaker or another person in the environment. [19] useda
32-microphonearray in conjunction with a computer vision-basedpersontrack-
ing systemto selectively amplify speakersin the presenceof noiseand interfering
speakers.
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The literature [4,5] states that the performance of microphone arrays will
theoretically scalewith an even much larger number of microphones.However,
most microphonearraysusedin research and industry today havea small number
of microphones(i.e., lessthan 20). There are, however, a small number of larger
arrays in existence.[19{21] present intermediate-sizedarrays of 32, 64, and 64
microphones,respectively. [22] shows a 400-microphonesquarearray two meters
on a side,but no publications seemto be available about the project. Finally, the
Huge Microphone Array [6], an array of 512 microphones,has to our knowledge
beenthe largest microphone array to date. The researchers of this project have
designedcustom hardware for both sound capture and processing(using DSP
chips). However, the publications stemming from this work all appear to use a
16-microphone subset of the large array known as the Brown Megamike. For
instance, [23] showed improved recognition performance for this smaller array
size. Based on investigation of past work, it appears that there is little or no
published work on speech recognition experiments using microphone arrays of
the scaleof the array presented in this work.

3 Implemen tation

This section outlines our implementation of the 1020-node microphone array
and beamformer.We �rst outline the hardware and �rm ware designof the array
components and the connectionsto the Raw tile processor.We then present the
array geometry that we have used and our reasonsfor choosing this geometry.
Finally, we describe the software algorithms used to processthe data recorded
by the array, and our mapping of thesealgorithms onto Raw.

3.1 Hardw are

Our microphone array feedsdata into the Raw microprocessor[1], which is a
parallel tile architecture currently being researched in our lab. The designof the
Raw 16-tile processorhas taken place since1997,and our lab received the �rst
protot ype chips in early 2002. Raw is a parallel machine speci�cally designed
for applications requiring real-time processingof large amounts of streaming
data. By exposing the details of the interconnection networks on the chip to the
software, Raw allows for highly e�cien t systolic communication on the chip, and
thus exposesa potential for a great deal of parallel real-time computation. Raw
provides two static networks and two dynamic networks; the static networks
being more e�cien t for systolic real-time computation. The static network is
controlled by an entirely independent switch processoron each tile, and the
routing code that runs on the switch is exposedto the software. In this work,
we utilize the static networks as outlined in Section 3.3.

The 1020-node microphone array (Figure 3) consistsof 510 two-microphone
printed circuit boards (PCBs), pictured in Figure 1 (the microphonesusedwere
PanasonicWM-54BT Electret Condensermicrophones) We have opted to cre-
ate small microphone modules to ensure LEGO-lik e modularit y in the design
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of our array. Each PCB contains two microphones,one stereoA-to-D converter
(Cirrus Logic CS53L32A), and a small CPLD (Xilinx Coolrunner XCR3032XL).
The A-to-D converter samplesat 16 KHz, generating 24-bit serial data for each
microphone.Our decisionto placetwo microphoneson onePCB wasmainly due
to the fact that the A-to-D converter is able to accommodate two channels of
audio. The two-microphoneboards are connectedin chains of 16 boards (32 mi-
crophones),and each chain plugs into a connectorboard. The data are streamed
through the chain and into the connectorboard using time-division multiplexing.
Each connector board takeseight chains, and four connector boards are usedto
accommodate 1024microphonesin total.

Fig. 1. A two-microphone board from the LOUD array.

The four connector boards are connectedto an expansionconnector on the
Raw parallel processormotherboard via a high-bandwidth micro-coaxcable.The
cable can accommodate up to �v e connector boards, so 256 additional micro-
phonescould be addedwith the current con�guration. A largeFPGA on the Raw
motherboard (Xilinx 3000E)converts the serial data from the array into packets
of parallel words. The packets are streamed into Raw on one of its sixteen I/O
ports. Currently two of the Raw I/O ports are linked to physical connectorson
the Raw motherboard, meaninga total of 2560microphonescould be accommo-
dated with the current motherboard; but if more connectorswere added or if
other Raw boards were used,we could theoretically support an arbitrarily large
number of microphones.

Figure 2 illustrates the hardware design of the array, the interconnections
betweenthe array and Raw, and the associated bandwidths at each link. Each of
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the 32-microphonechainsproduce12.3Mbits/sec. Each connectorboard receives
eight microphone chains, or 98.3 Mbits/sec. There are four connector boards,
meaning the total bandwidth into Raw is 393 Mbits/sec, or 49.1 MBytes/sec.

Fig. 2. A schematic diagram of the LOUD microphone array hardware design, the con-
nections to the Raw tile processor,and the badndwidths required at each connection.

3.2 Geometry

Many array geometrieshave been suggestedin past work, from linear to rect-
angular to circular; and, similarly, many microphonespacingschemeshave been
suggested,from uniform to logarithmic. While many geometrical con�gurations
of the array are possibleand potentially desirable, our initial 1020-microphone
geometry (pictured in Figure 3) is a rectangular array 60 microphones wide
by 17 microphoneshigh. This allows us to steer the ampli�cation beam verti-
cally as well as horizontally . Sincemicrophone arrays sample the signal in both
spaceand time, spatial sampling [4] as well as temporal sampling can a�ect
the resulting waveform. Arrays spatially sampleat the intra-microphone spacing
wavelength, and any sourcesignal component with a wavelength shorter than
twice the spacing will be aliased (per the Nyquist criterion). For this work, we
have chosen to use uniform spacing at 3 cm (meaning spatially sampling the
waveform at 342m=s

0:03m =11,400 Hz, meaning frequenciesabove 5,700 Hz will be
aliased). This decision was due both to practicalit y reasons,as well as prelimi-
nary experiments with various spacings.The 3 cm spacingis maintained in both
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the vertical and horizontal directions, by deliberate placement of microphone
boards horizontally on an aluminum plate, and by using spacersof appropriate
lengths to stack boards vertically.

Fig. 3. A picture of the LOUD 1020-node microphone array

3.3 Soft ware

In order to utilize the microphone array to selectively amplify sound coming
from a particular sourceor sources,we have useda beamforming algorithm [4,
24] on our tile parallel processor.Beamforming algorithms usethe properties of
soundpropagation through spacefor sound sourceseparation.Currently , we are
using a delay-and-sum beamforming algorithm [24], which is the simplest way of
computing the beam. Delay-and-sum beamforming usesthe fact that the delay
for the sound wave to propagate from one microphone in the array to the next
can be empirically measuredor calculated from the array geometry. This delay
is di�eren t for each direction of sound propagation, i.e., from the sound source
position. By delaying the signal from each microphone by an amount of time
corresponding to the direction of propagation and then summing the delayed
signals, we selectively amplify sound coming from a particular direction. Sub-
sampleprecision delays are handled by interpolation between the two adjacent
integral sample values. Delay-and-sum beamforming assumesthat the position
of the desired sourcerelative to the array is known. The problem of accurately
localizing a sourceis crucial, but rather separatefrom the problem of amplifying
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sound coming from a particular direction. For the work presented in this pa-
per, we assumethat the position of the speaker is known in advance;however,
Section 7 outlines our plans to pursue work in sourcelocalization.

The delay-and-sumbeamformingalgorithm runs on the Raw microprocessor.
The audio collected at each microphone in the array is streamed into one Raw
static network input port. The data are streamedfrom tile to tile on the static
network, with each tile's switch processordirecting a portion of the data into the
local processor.The processorthen stores the data into memory, and retrieves
the appropriately-delayed samplefor each of its microphones.The running sum
for the beamforming computation is passedalong from tile to tile, also on the
static network. The mapping of computation onto Raw tiles is illustrated in
Figure 4. Twelve tiles are used for computation, one for delaying the output
for debugging, one for bandpass-�ltering the output, and one for formatting
it properly for the output D-to-A converter (used for monitoring). One tile is
unuseddue to I/O port placement constraints.

Fig. 4. Beamforming algorithm mapping to Raw tiles.

In order to enablethis implementation, we have createda 
exible framework
for mapping computation to appropriate tiles, including scripts to automatically
generatestatic network code for the Raw switch processor.We have optimized
the code to run the beamforming algorithm for one �xed sourceposition from
all 1020 microphones in real time on one Raw chip (16 tiles). Due to current
�rm ware constraints, we are able to run Raw at 150 MHz; however, the Raw
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chip can support clock rates upward of 400 MHz, thus in the future we could
easily accommodate more microphones,or more computation per microphone.

4 Evaluation

We have conducted preliminary experiments with the LOUD array. The exper-
iments involved recording a person speaking in a room where several sources
of noisewere present. The room is a very noisy hardware laboratory. The main
noisesourcesareseveral tensof cooling fansfor computersand customhardware,
and a loud air conditioner.

The subject readsa seriesof digit strings, and the speech is recordedwith var-
ious subsetsof the LOUD microphone array and a high-quality noise-canceling
closetalking microphone (SennheiserHMD-410) (i.e., \clean" speech). In some
of the trials, another person serves as the \in terferer," reading a text passage
(the \Rain bow Passage"often used in speech recognition experiments) at the
sametime as the main speaker is speaking digit strings. The interferer scenario
models a situation where several peoplein a room are talking, but we are inter-
ested in recording the voice of only one person, such as in a conferenceor in a
surveillance situation.

As mentioned in Section 3.3, we have assumeda �xed position for our sub-
ject. The amount of time required for the sound to travel from the position
to each microphone in the array was determined in advancewith the following
procedure.A broadband \c hirp" (frequency sweep) was played through a small
loudspeaker located at the \fo cal point" { the desiredpoint for ampli�cation. A
referencerecording was obtained with a single microphone at the speaker. The
data captured by each microphone was also captured and stored on disk. The
data were then upsampled by a factor of 50 to obtain sub-sampleprecision in
the calculation. A cross-correlation function (basically a dot-product at every
possible time o�set) was then calculated between the referencerecording and
the signal from each microphone. The time shift for which the function was at
a maximum was taken as the propagation delay for that microphone. Anecdo-
tally , this method was shown to be more accurate than calculating microphone
delays from array and point geometry; probably due to someslop in microphone
positions on the boards.

The layout of the experimental setup is as follows. The array is positioned on
a counter top 145cmfrom the ground. The \fo cal point" of the array is located
in line with the left edgeof the array, or 88.5 cm to the left of the center of the
array, 137cm in front of the array, and 25 cm above the bottom row of the array.
The interferer stands at a mirror image point in line with the right edgeof the
array, or 88.5 cm to the left of center, and 137 cm in front.

The data from the microphone array are streamed into the Raw micropro-
cessoras described in Section 3.1, and are stored in the 2GB of o�c hip DRAM
currently available to the processor.Once the audio streamsare stored in mem-
ory, the processorperforms a delay-and-sum beamforming (seeSection 3.3) run
for 23 di�eren t microphone sizes/con�gurations, ranging from one microphone
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to all 1020 microphones. This processsimulates simultaneously recording the
sameaudio stream with arrays of varying sizes,allowing us to compare the ef-
fect of the number of microphoneson array performance.The microphonesare
�rst taken from the bottom row in powers of two (1, 2, 4, 8, 16, 32), and then
row by row all the way to the top of the array (each row adds 60 microphones{
60, 120, 180, . . . , 1020).

The output of the beamforming algorithm for each virtual array con�gura-
tion is processedwith a band-pass�lter set to passthrough frequenciesbetween
300Hzand 3,500Hz,in order to eliminate low-frequencynoiseand high-frequency
content that would be aliasedwhen downsampling to 8KHz (as neededfor recog-
nition). Finally the output waveforms are streamed from the chip to a desktop
host machine via a static network port. The resulting waveformsare then writ-
ten to disk on the the host machine. Due to current host interface constraints,
it was not practical to record the output of all 1020microphones;however, this
capability will soon be in place, allowing us to record a corpus of large-array
recordings(seeSection 7).

In order to obtain an initial metric of array performance,we measuredthe
signal-to-noiseratio (SNR) of the beamformeroutput. The SNR for an utterance
can be de�ned in many ways. When a preciserecording of the original source
audio is available, the SNR can be calculated as the variancebetweenthe source
signal and the noisy signal. When such a recording is not available, or can not
be reliably made,the \p eak" SNR can be approximated by taking the maximum
signal power over a time window during the speech segments of the waveform
as signal, and the signal power over a non-speech segment as the noise.While a
referencerecording wasavailable to us from the close-talking microphone, it was
still somewhat noisy; thus we choseto use the secondmethod. However, since
the method required hand-segmenting the beamformedaudio for the 23 di�eren t
microphonecon�gurations (to �nd speech and non-speech components), we only
obtained SNR �gures for only one representativ e recording.

The evaluation portion of our experiment consistedof running the output of
the beamforming algorithm through the MIT summit recognizer[25], which is
a feature-based�nite state transducer speech recognizercreated at the Spoken
LanguageSystemsgroup in our laboratory. The recognizerwastrained on a com-
bination of cleanand noisy speech from the Aurora digits corpus[26].The Aurora
corpus is basedon over 4,000samplesof humans reading digit strings recorded
with a close-talking microphone from [27]. The clean data are augmented by
synthetically adding noise from typical environments (e.g., train, babble, car,
and exhibition hall) at various SNRs to the utterances to simulate noisy data.
The simulated noisy speech in combination with the clean speech constitutes
over 28,000utterances, which are all used to train the summit recognizer.We
note that due to the channel di�erences between the close-talking microphone
usedto record the Aurora data and the LOUD microphone array, it is unrealis-
tic to expect the array test data to match recognition rates given in the Aurora
literature.
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For this initial round of experiments, we recorded 150 utterances from two
male speakers with an interferer, and 110 utterances from the same speakers
without interferers. The data for the close-talking microphone were collected
as 80 utterances with an interferer at the sametime as the array experiments,
in order to provide a baseline for the speech recognition experiments. In the
interferer trials, the person not serving as the subject served as the interferer.
Certainly, much more extensive testing is necessaryin order to evaluate the
microphone array in su�cien t detail; this work is ongoing (seesection 7).

The ampli�cation pattern of a microphone array beamformer consists of a
main ampli�cation lobe and a number of smaller side lobes. The width of the
main lobe quanti�es the precision of the beam. A metric known as half-power
beam width (HPBW) [4] measuresthe distance from the focus of the beam at
which the ampli�cation strength of the beamdrops o� by a factor of two (3dB).
To measureHPBW, we played a sine wave from a one-inch diameter portable
speaker while moving it around in space.At the sametime we continually ran
the power calculation code on Raw in conjunction with the beamformer. In this
fashion, we were able to obtain somepreliminary measurements of the HPBW
of our array.

5 Results

Figure 5 givesapproximate peak SNRsin dB for a representativ e utterance, dis-
playing the trend of improvement asthe number of microphonesis increased.The
close-talking microphone, with an SNR level of 35.0dB, serves as the baseline.
The SNR improves from 17.2dB with one microphone to 30.9dB with all 1020
microphones.This 13.7dB improvement corresponds to a 4.6-fold improvement
in the ratio of signal energy to noiseenergy.

Speech recognition quality is typically evaluated based on the word error
rate (WER) meaning the percentage of words that were recognizedincorrectly.
In this work, wemostly giveresults in terms of the accuracy rates, which is simply
calculated as (100%� W ER). Figure 6 and Table 1 give the accuracy rates for
the experimental data that we have collected, for all the array sizes ranging
from one microphone to all 1020. Our baseline accuracy is for a close-talking
microphone, at 98.8%. This is consistent with results from the Aurora corpus
whentestedon cleanspeech [26],meaningthat our speech recognizerperformson
a level consistent with other state-of-the-art recognizers.For onemicrophone,the
accuracy is below 10%both with and without an interferer, meaningacceptable
recognition is impossible to achieve. The accuracy rises above 50% around 60
microphones (one full row of the array) { a reasonablerecognition hypothesis
can sometimesbe madeat this level. All 1020microphonesyield 87.6%accuracy
(87.2%drop in word error rate) in the presenceof an interferer and 90.6%(89.6%
drop in WER) without an interferer.

Our measurements of the HPBW of the array show that when listening to a
1 KHz source,the energylevel drops o� by half when the sourcemoves5 inches
horizontally , or 10 inchesvertically from the point the algorithm is amplifying.
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Fig. 5. Peak SNRs for one representativ e recording from the microphone array.

This result is consistent with the 60x17 array geometry becausethe array has
a greater spatial extent horizontally than vertically. However the ampli�cation
pattern is di�eren t for each frequencyof sound,and speech is a broadbandsignal.
Thus it is di�cult to quantify exactly how well the beamformer would be able
to separatetwo speakers at arbitrary positions in the space.

6 Discussion

The results in Figures 5 and 6 clearly demonstrate there is indeed a bene�t to
having arrays of this large size.In this work, we focusedon the designof the sys-
tem, and did not implemented sophisticated beamforming algorithms or other
signal processingsoftware components. However, even with the simplest beam-
former possible,we wereable to obtain increasingSNRsand gainsin recognition
accuracy all the way to 1020microphones.This is perhaps the most signi�can t
result.

The most drastic jump in the recognition accuracy curve is seenwhen the
number of microphonesjumps from 32 to 60, most likely becausethis completes
the full line of the array (60 microphones),making the beamwidth almost twice
as narrow as with 32 microphones.After this point, adding more microphones
doesnot make the array wider, just taller. We note that the accuracyeven with
1020microphones(87.6% and 90.6%) is clearly signi�can tly short of the 98.8%
baselinefrom the close-talkingmicrophone;and this is consistent with the SNRs
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Fig. 6. Experimental results from the LOUD microphone array. Results for data
recorded with the array both in the presence of an interference, and when the in-
terferer is absent, are given. The baseline level of 98.8% accuracy is given when using
a high-qualit y close-talking microphone.

noted in the recordings.However, with more complicated signal processingand
beamformingalgorithms and a better match betweenthe recognizertraining and
test conditions (seeSection4), we are con�dent that the recognition accuracyof
audio recordedwith the array can approach that of a close-talking microphone.
One can imagine that a projection basedon Figures 5 and 6 will eventually allow
array performanceto reach close-talking microphone levels.

Comparison with past work is di�cult for several reasons.One reasonis dif-
ferencesin experimental conditions. Our data werecollectedin a very noisy envi-
ronment; likely noisier than most of the currently-published results. For instance,
[14] cites an accuracy rate of 42.4% with a single omnidirectional microphone
and one interferer, compared to our 3.0%; [23] is at 58%; and [16] is at 33%.
While SNR is one intuitiv e way of comparing noise levels, it is actually di�cult
to comparebasedon SNR, since the various methods for determining SNR can
producevery di�eren t results. Someof the previous work usesa form of average
SNR over a hand-segmented waveform; however in our experiments, due to time
constraints, it wasimpossibleto perform such an analysis.Another alternativ e is
to usea speech recognizerto segment the waveform and then calculate average
SNRs; however this approach is often inaccurate becauserecognizersegmenta-
tion will be poor at low SNRs. In addition, there is much opinion that SNRs
may not be a good measureof speech quality at all [28,23].
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Num ber of Microphones Peak Signal-to-Noise Ratio (dB) Accuracy Rate
In terferer Presen t No In terferer

1 17.2 3.0% 7.1%
2 16.7 3.2% 6.0%
4 17.9 3.6% 6.7%
8 18.5 5.7% 11.2%
16 20.7 9.5% 19.6%
32 21.0 14.7% 30.7%
60 22.1 54.0% 70.0%
120 23.4 61.8% 74.6%
180 24.4 65.5% 81.1%
240 25.3 69.6% 83.8%
300 26.6 72.4% 86.3%
360 26.1 75.8% 86.8%
420 27.2 77.1% 87.5%
480 27.6 78.6% 87.7%
540 28.2 80.8% 88.3%
600 28.6 82.0% 88.9%
660 29.6 83.2% 89.6%
720 29.6 83.9% 89.5%
780 30.0 84.7% 89.8%
840 30.2 85.1% 90.3%
900 30.4 86.0% 90.8%
960 30.5 87.0% 90.8%
1020 30.9 87.6% 92.0%

Close-talking baseline 35.0 98.8%

Table 1. Recognition accuracy rates and signal-to-noise ratios with various test con-
ditions

Further making it di�cult to compare this work with past results is the
fact that most currently published experimental results of speech recognition
experiments with microphone arrays, usea much smaller arrays than this work.
For instance, in his 1996PhD thesis, Sullivan [16] writes,

... the [recognition] improvement appearsto level o� at about 8 sensors.
This suggeststhat there may beother factors involvedin word errors that
the type of processingprovided by microphonearrays cannot correct. In
our experiments it is fair to say that the amount of extra computation
and hardware neededto processadditional microphonesbeyond 4-8 mi-
crophonesappearsto exceedthe bene�ts that oneobtains from including
them.

The work reports that recognition accuracy levels o� at around 60% after
eight microphones.In our work, we were able to achieve recognition levels well
in excessof this; perhaps the discrepancy can be attributed to di�erence in
speech recognition technology (the work reported by Sullivan waspublishedeight
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yearsago). Indeed, in a later work, Adcock [23] was able to achieve recognition
accuracyrates above 80%for noisy speech recordedwith a 16-microphonearray,
but starting at 58% for one microphone, as compared to 33% in Sullivan. It is
unknown whether the accuracyrates in Adcock would have continued improving
with larger array sizes.Our work starts at recognition rates below 10% for one
microphone,and accuracyonly exceedsthe 50%mark until after 60microphones
are used,clearly demonstrating a di�erence in noiseconditions.

In general, it is probably fair to note that popular opinion in this direction
amongthe signal processingcommunit y hasmade it seemthat researching large
arrays was impractical and unbene�cial. We submit that by demonstrating a
consistent improvement with increasingarray sizes,we have shown that, at least
at the current time, this belief is not entirely accurate.While our accuracyrates
even with a 1020-microphonearray fall short of that of recordings made with
a close-talking high-quality microphone, we believe that this merely serves to
motivate future research in adaptive beamforming and other advanced sound
sourceselection techniques (seeSection 7).

Regarding the hardware neededfor the real-time processingof data from a
large microphone array, we have also shown that using a parallel tile architec-
ture is both su�cien t and practical for arrays of this size. Past work in large
arrays (e.g., [6]) has used special-purposeDSP chips. In contrast, with our use
of the Raw microprocessor,we have followed the recent trend in the computer
architecture �eld to leveragegeneral-purposetiled architectures to increaseboth
computation density and easeof programming.

7 Conclusion

In this work we havepresented LOUD, a 1020-nodemicrophonearray and beam-
former for intelligent computing spaces.We haveoutlined our designof the array
hardware and software architecture, and our utilization of the Raw tile parallel
processorfor computation. In addition, we have presented an analysis of exper-
imental data collected with the array. The data were captured with the array,
processedwith a beamforming algorithm, and evaluated by means of running
a speech recognizeron the beamformeddata. We have presented experimental
signal-to-noiseratios and recognition accuracyscoresfor 23 di�eren t array sizes,
ranging from one to 1020 microphones,showing a steady improvement all the
way to 1020microphones.We believe that with theseresults we have made the
casethat large microphone arrays deserve a thorough investigation both by the
ubiquitous computing and signal processingcommunities.

We are pursuing several directions for future work in this project. First, we
are continuing work to evaluate the microphone array's usefulnessin ubicomp
scenarios.The experiments presented in this work are only a �rst step towards
a full evaluation of the system. In order to prove the applicabilit y of our micro-
phone array in ubiquitous computing, we plan to conduct user studies in which
the subjective quality of the speech produced by the array can be measuredon
communication tasks such as tele-conferencing.
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In addition, in order to evaluate the quantitativ e performance of the array
further, more speech data will be collected from more speakers, in more points,
in di�eren t noiseenvironments, with di�eren t array con�gurations and spacings,
etc. Our group is currently working on increasing the speed of data collection
by improving the USB 2.0 interface between the host computer and the Raw
motherboard. Improved speed here will allow us to record data from all 1020
microphones,rather than that for only 23 beamformedchannels.Oncethis work
is completed, the data collection e�ort will be greatly simpli�ed, since the re-
quirement to run beamforming on the data at collection time will be eliminated.
The data will simply be compressedon the Raw chip and shipped o� to stor-
age.Oncewe are able to quickly record data from all 1020microphones,we will
be able to produce an array microphone recording corpus, which we will make
available for public distribution on the web.Other array corpora havebeenmade
available in the past, but only with a smaller number of microphones(e.g. [29]
has data from 37 and 23 microphones).

Improved host interface speedswill enableus to perform experiments on the
data that currently run slower than real-time. For instance, we plan to experi-
ment with \trac king" speakersas they move in the spacearound the array. This
can be accomplishedby performing subsequent rounds of perturbing the beam
position, or delay values,and moving in the direction of maximum energyover a
time window (basically, a gradient ascent approach). This approach is a type of
adaptive beamforming, or beamforming that adapts as aspects of the environ-
ment change.Even with our current stationary experimental setup, it would be
useful to have this algorithm in place: since it is impossible for the speaker to
stand in precisely the sameplace from trial to trial, we would start the beam at
the point corresponding to our initial delay measurements, and then search for
the speaker in the surrounding space.The position with the maximum in energy
likely corresponds to the position of the speaker's mouth. This approach can
be used generally to search for speakers in a room, although there are several
di�culties. For instance, if the speaker is silent over several energywindows, the
beamcould wanderaway and actually amplify a noisesource.Or, if two speakers
are present and both talking, it may be hard to maintain a consistent tracking of
oneof the speakers.In order to compensatefor thesedi�culties, this method can
be augmented with information from other modalities. For instance, a group in
our lab [19] hasusedcomputer vision algorithms for persondetection algorithms
using stereocameras.The vision-basedpersonlocation was usedas a �rst-order
approximation for a 32-microphonearray beamformer, attempting to recognize
speech in the presenceof noise and interferers. This multimo dal sensorfusion
�ts in well with the goals of our ubiquitous computing research under Project
Oxygen; and we plan to explore this approach with the LOUD array.

We are pursuing several target applications for microphone arrays within
Project Oxygen. We plan to integrate the microphone array into our ubicomp
research spaces,such asour lab's kiosk platform for human-computer interaction
experiments [30]. A microphone array will greatly increasethe usability (and
hopefully, the use) of our kiosks; the current method is to as the user to wear a
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close-talkingmicrophoneheadset,which is bulky and inconvenient for passers-by
wishing to only have a short interaction with the kiosk.

Another aspect that we plan to considerin the future is the e�ect that room
acoustics and environmental conditions (other than noise) have on array per-
formance. Array performancecan be a�ected by reverberations and distortions
due to the room in which the array is located. This e�ect is likely present in our
work, sincethe array is currently located in a cluttered hardware lab with many
hard surfaces.We plan to measurearray performancein with di�eren t room con-
�gurations in order to understand the e�ect of these factors. In addition, when
microphone delays are calculated from array geometry (as is usually the case
in beamforming), a particular value for the speed of sound must be assumed.
However, the speed of sound varies with room temperature and humidit y; for
instance, a �v e-degreeCelsiusvariation in temperature changessound speedby
more than 3 m/s. The accuracy of the calculations, and thus the performance
of the array can vary as the temperature changes.
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