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Abstract—Microphone arrays have been widely used for hands- of the SRP-PHAT method from®(M?) to O(M), where M
free speech acquisition systems such as teleconferencing ofis the number of microphones. Do et al. [7] proposed an iter-
automatic speech recognition. They typically require sound aiive hierarchical method callesiochastic region contraction
source localization for subsequent multichannel signal processing . .
algorithms such as beamforming for enhancing speech signals.(SRC) to reduce the effectlve numb.er. of.cand|dat.e §Qurces
Steered response power with phase transform (SRP_PHAT) for SRP-PHAT. Even W|th these 0pt|m|zat|0ns, a S|gn|f|cant
source localization has been the most popular method thanks computational load is still needed for each candidate sourc
to its robustness against reverberation. In most cases, the SRP |gcation.
PHAT requires exhaustive search methods, which makes its real- In this paper, we present a GPU (Graphics Processing Unit)

time implementation a challenging task. In order to address this . . o ;
problem, this paper presents a GPU (Graphic Processor Unit) implementation of the SRP-PHAT source localization sué&ab

implementation that takes advantage of several parallel steps for real-time applications with a large search space. Tapep
involved the the computation of the SRP-PHAT. is organized as follows. In Section Il, we describe micrapho

Index Terms—Sound source localization, Steered response grray signal models and the SRP-PHAT method for SSL.
power, Microphone array, Parallel processing, GPU implemen-  gection |11 describes our GPGPU implementation of the SRP-
tation PHAT method for real-time applications. Section IV desesb
experimental results followed by discussions on Section V.
Section VI concludes this paper.

Microphone array systems have gained popularity for appli-
cations that require robust estimation of speech signalmsg [l. SOUND SOURCELOCALIZATION
noise, interfering sources, and reverberation [1]. In most
applications, they require sound source localization (8L
subsequent multichannel signal processing algorithmis asc
beamforming, dereverberation, echo cancellation, etc. Zm(t) = s(t —79) + v (t), form=1,2,--- M (1)

Sound source localization algorithms for speech acqaisiti
can be mainly divided into two categories. The first is a twawheres(t) is the source signak,, (t) is a term due to rever-
stage method based on time difference of arrival (TDOAjeration, interferences, and background noise,ghdenotes
estimations followed by triangulation [2] and the second isropagation delay of the signa(t) from a source locatiory
a search space-based method for finding a source locatiorthem!” microphone. For simplicity, we assume that the dif-
with the maximum steered response power (SRP) [3] or tferences in attenuation caused by propagation from thesour
maximum-likelihood (ML) [4], [5], among all candidate loca to the microphones are negligible. With this signal moded, w
tions. The two-stage method is computationally inexpensivcan express a vectd,, = [X;(w), Xo(w), -, Xar(w)]T of
but is subject to fail due to TDOA estimation errors [6]. Unfo the microphone signals in the frequency domain as
tunately, this is often the case in typical acoustic envitents

I. INTRODUCTION

For an array ofM/ microphones, the signal,, (t) captured
at them!" microphone can be expressed as follows

for speech acquisition systems. The search space method X, = S(w)DF + V., 2)
is robust, but requires a predefined search space resultir}g

in computational complexity proportional to the number offrere

candidate source locations. For capturing speech fromingeet DY = [e*jWi" e*jwfé‘, e ’eﬂ'w,‘x’f]T
participants in a typical conference room, for example, the Vi = [V (), Va(w), - Var()]T

SRP-PHAT may require much higher computational complex-

ity for real-time applications on currently available pessors denote delay and noise vectors respectively. Thus, SSL is a

with moderate processing power. problem of finding a source locatiaf corresponding to a set
Zhang et al. [4] showed that we can reduce the complexity delay vectordD2 given observationX,,.



A. Seered Response Power Method CUDA is scalable parallel programming model and accom-

The steered response power (SRP) method computes thepar_wied by an A_PI for GPU (an_d ot_her parallel processors),
output power of a filter-and-sum beamformer for all possibighich allows direct programming in C/C++ language by
source locations and then selects one with the maximdRProaching data-parallel aspects and workload. In ecti
power [3]. In the frequency domain, the power of a candidaf¢€ can consider that CUDA extends C/C++ languages, pro-

source locationy can be expressed as viding all support to exploit massively the parallelism fan-
graphics applications.

Mo . (9 _pa However, to successfully achieve high performance using
Pl@)=) > / Wt () Xom () X' ()€ ) o, CUDA, the problem data must be initially parallelized, pref
m=1i=1 (3) ably with all data fully transfered to device memory (GPU
where U,,,; (w) is the frequency weighting for more accuraténemory), to avoid.significant data_ transfers from the main
source location estimate. One of the most popular weightifgemory to the device memory (which are costly and may be
is the phase transform (PHAT) [8] the bottleneck of GPU implementations of genetic algorghm
Then, the application can be scaled to hundred of processor
;7 (4) cores and thousand of concurrently threads.
| X (W) X7 (w)]

and Zhang et al. [4] showed that Eq. (3) with the PHAPB. SRP-PHAT Algorithm on CUDA

\I/ml(w) =

weighting is equivalent to The computational cost of the SRP-PHAT algorithm de-
o 2 pends on several parameters, such as the size of the micro-
P(q) = / Z X (w) 0|, 5y Phone array (i.e. the number of microphones), the size of the
1 | Xm (W) discretized search spaag, and the sampling frequency of

the data acquisition device. In this work, we consider @at
consists of aV x N 2D grid of equally spaced points, and
that we havelM + 1 microphones in the array.

which reduces the number of computations by a factak/of
After computingP(q), we can find the source location as

q = arg max P(q), (6) Before providing specific details of our implementation, it
acQ is important to mention that given two discretized posisign
where Q denotes the search space of all potential sour@@dqz in the search spac@, the valuesP(q;) and P(qz) in
locations. Equation (5) can be done in a completely independent manner,

which allows a highly parallel implementation of the SRP-
[11. GPU PROCESSING OF THESRP-PHAT (GWMPUTATION  PHAT algorithm.

A. Common approaches for GPU |mp|ernentat|on of genenc There are different pOSSibilitieS to tackle the CUDA imple-
algorithms mentation of the SRP-PHAT algorithm. In this paper, we have

considered one thread by each candidate sound locatioe in th

Wh|le the SR.P'PHAT method requires gxhaustlvg COMpY-p, grid in the CUDA configuration. Then, the output of each
tational processing, GPU can provide massively multittieela . ; : . :
thread is one calculation aP(q) as given in Equation (5),

manycore chips with hundreds of scalar processors, runnin
= ereq corresponds to an element @ As consequence, the
tens of thousands of threads, and giving more than one TFL o . . .
Scalability of the algorithm running on GPU highly depends
peak performance [9]. GPU vendors usually offer parallel ™. : > .
X ) . on size of @, which grows quadratically withV. The load of
programming languages with a corresponding APl (Appli- : . .
. : each thread depends on the size of the audio buffer (which
cation Programming Interface) that allow users to develo . S )
IS used to compute the FFT and approximate in integral in

_generic_ purpose applications running on their GPU gnits. Aﬁ]quation (5), and also on the number of microphones in the
interesting property of such programming languages isttret array. Assun‘;ing a constant buffer size, the load of eaclathre

user does not need to have knowledge about the traditional : .
graphics pipeline model and its API. grows Ime_arly with M. . .
Nowadays, the main GPU computing platform is nVIDIA Hence, in the proposed CUDA implementation of the SRP-

CUDA (Compute Unified Device Architecture) [10]. Beside s(i]grﬂ—iczlr?tclj;t?hrg’ cl)r\]/(e::rrZiS?c?s: hZ:llzoené@aséh?#gengtreaﬁeenc;u gh
CUDA, there is an open standard for GPU Computing, calle rallel threads running on the GPU. On the other hand,

OpenCL (Opeq Computmg' Ifgnguage), WhICh 's distribut increasing the number of microphones should increaserlinea
freely and provides compatibility to the main GPU manufatihe overall cost of the implementation

turers nVIDIA and ATI. However, CUDA has been more stable
and also more extensively explored for high performance
computing on GPUs, while OpenCL focuses on portability and
heterogeneous platforms (CPU and GPU) jointly for incrdase We have planned a set of experiments, in order to evaluate
performance. In fact, OpenCL implementation is still ineit and validate the GPU-based SRP-PHAT implementation. The
and cannot offer high performance results when compardd wrototype has been tested considering different hardvedup s

CUDA. varying mainly the GPUs. The measurements of elapsed times

IV. EXPERIMENTS
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Fig. 1. Execution times varying the number of microphones aedsthe of the search space.

for different combinations of number of microphone®/ )t algorithms (CPU1, CPU2, GPU1 and GPU2), varying the size
and grid size i x N), assuming an acquisition rate of 44 kHo=f the search size. Each Figure illustrates the evolutiothef
and a buffer size of 4096 samples (so that real time executiexecution times as the number of microphones is increased,
should process 10 SRP-PHATs per second). and the vertical axis (time) is shown in logarithmic scale

For the CPU experiments, we used a C++ implementationfoir a better visualization of the differences. Fig. 2 shows
the SRP-PHAT algorithm running on a notebook with an Intel comparison of the execution times of the four analyzed
Core i7-720QM processor (4 1.6 GHz cores, 8 threads), aimgplementations fixing the number of microphones (50), and
the proposed CUDA implementation running on a GeFore@rying the size of the search space. An analysis of thidteesu
9600GT GPU with 512MB dedicated memory, and a GeForig presented in the next section.
9800GTX GPU, with 768MB dedicated memory. For the CPU
tests, we used a single-threaded experiment (called CPU1 in
the experiments) and a multi-threaded implementation withItcan be observed in Fig. 1 that the execution times obtained
eight threads (CPU2). The experiments with the GeFor®éth the CUDA implementation running on both a lower-
9600GT and 9800GTX cards are called, respectively, GP@Dd GPU (GeForce 9600GT) and a higher-end GPU (GeForce
and GPU2. 9800GTX) were similar for a small search regidf k 10), but

Fig. 1 shows the obtained execution times for the four testéit difference increases as the search space gets lardgt,In

results obtained with the 9800GTX card are approximately
1Since we have a 6-microphone array, results Wifh> 6 were simulated. 1.2 times faster than the 9600GT card forl@ x 10 search

V. DISCUSSIONS
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It is important to mention that our CUDA implementation
running on both GPUs can handle real-time performance (i.e.
processing time< 0.1s) for arrays with 10 microphones, and
search regions having up & x 50 points (for a100 x 100
region, the running time of the 9800GTX cardas 0.17s).
The single-threaded CPU implementation could not handle
real-time processing in any of the tested configuration@nkv
the multi-threaded approach could only provide real-time
performance for a 6-mic array with & x 10 search size
with the direct implementation of the SRP-PHAT algorithm.

VI. CONCLUSION

In this paper, we presented a GPU implementation of the
SRP-PHAT SSL algorithm. In the proposed implementation,
the computation of the SRP-PHAT for each position of the dis-
cretized space is related to a GPU thread, which are executed
concurrently (up to the maximum number of threads allowed
by the graphic hardware). The experimental results showed
that GPU implementations on widely available graphic cards
may present significant speed-ups when compared to single
or multi-threaded implementations on recent (and powgrful

CPU configurations.
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Size of the search space
10 x 10 | 50 x 50 [ 100 x 100 | 500 x 500
CPU2 3.10 3.82 3.95 3.95
GPU1 | 138.22 120.20 129.50 120.50
GPU2 | 170.47 | 242.25 261.00 273.64
TABLE |

SPEED-UPS OFCPU2, GPUIAND GPU2COMPARED TOCPULFOR
DIFFERENT SEARCH SPACES

[1]

[2]
region, and approximatelg.3 times faster in theé00 x 500
search region. It should be noted that the 9800GTX card i[g]
equipped with128 cores [11] compared t64 cores that the
9600GT is equipped with [12], which clearly indicates that
having a larger number of cores is beneficial for computing*!
the SRP-PHAT with large search spaces.

Fig. 1 also shows that our CUDA implementation presente]
lower execution times when compared to a single-threaded
implementation on a high-end CPU (Intel Core i7-720QMs]
processor) in all tested configurations (variations in tize s
of the microphone array and search size). The multi-thréadg-,
CPU implementation presented an average speed-up of é
times when compared to the single-threaded implementation
but still considerably lower than both GPUs, particularlyem 8]
compared to the GeForce 9800GTX results.

Fig. 2 shows a comparison of execution times for a 50—mi\I?
array varying the size of the search space, and Table | sho é

Law (Law n 8.2.48 of 1991).
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