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1 Introduction

In this report we present results of a performance study of the m-platform, a modular stack-based architecture for sensor
nodes. An m-platform node consists of several boards or other hardware modules that have different performance properties,
but share the same communication interfaces. The main motivation for a stack-based architecture is design flexibility and
reconfiguration, and not necessarily least possible power or fastest system response. Nevertheless, here we investigate local
processing and communication properties, i.e., the performance within a single node - a single stack of boards. We thinkthis
is an important analysis, especially considering the high power cost of radio communication between different nodes.

The report focuses on power minimization, and in particular, on two aspects related to the power consumption of the m-
platform. First, each processing element allows for independent dynamic power management. Namely, each processor canbe
programmed to operate in one of the several power modes of operation, by software-controlled voltage (DVS), or operating
frequency (DPM), or both. However, the largest power reduction is achieved insleep modes where the processor, some, or
all peripherals are not clocked. Second, an m-platform stack is a heterogenous architecture, i.e., it consists of the processors
of different speed and power properties. Typically, several low-power processors collect sensor data which is sent to and
processed on a more power consuming processor. The energy consumed on these two types of processors can vary several
orders of magnitude. In this research we study a high-level procedure that may provide answers to the following questions.
Can low-power processors also process data in real-time, and thus eliminate the need for more powerful processors? Given
application requirements how many processors are necessary? Can pure parallelization, i.e., with homogenous processors
reduce total power? What are the optimal operation modes foreach processor?

We present an integer linear programming (ILP) formulationof the problem. The problem addresses the tradeoff between
system power and latency. Typically, the objective is to minimize power consumption while satisfying the period and/or
deadline constraints of the application. In addition, we assume application is specified as an acyclic task graph where an edge
represents a data dependency between two tasks, and an edge weight the size of the message communicated between the two
tasks. The resource specification consists of a power model for each processor (and communication element, i.e., bus) ofthe
node. The solution of the problem encodes both the optimal task-to-processor allocation, processor-to-mode mapping and
task execution schedule. So, the objective function minimizes power while not violating the resource, precedence and timing
constraints. Note that a similar problem of latency minimization (throughput maximization) under power constraints is also
tractable in the ILP framework with some modifications.

The proposed procedure is aimed for periodic data-flow task graphs that are common in signal processing applications.
As such it is assumed to be performed off-line. However, its output, in the form of a static schedule, can be used as a basis for
an on-line scheduler if the application contains also aperiodic or bursty task requests (for instance, see the on-line scheduler
in [17]). Also, the adopted power model does not contain energy or time costs for transition of operation modes. This is both
because mode-transition part of consumed power largly depends on the dynamic portion of the application, and because for
the audio applications considered in this study, that part is negligible.

The paper is structured as follows. In Sec. 2 we give the details of the proposed ILP formalism. The second part of
the report presents two case studies in exploring the performance of the m-platform. Sec. 3 describes the procedure on a
simplified application with Fast Fourier Transform computations and gives some conclusions about power minimization for a
typical m-platform stack. Sec. 4 reports on the current m-platform implementation of the sound source localization algorithm.
We also analyze power/latency performance using the valuesfrom the actual measurements.



Related Work. The details of the m-platform design and objectives can be found in [3]. There exists extensive research on
sytem-level low power optimization. A good survey is given in [9]. Most of the techniques, especially analytical ones, study
single processor systems. Our ILP formulation integrates multiprocessor allocation and schedule generation with operating
mode selection. The ILP framework has also recently been used for optimization of multiprocessor systems, but with different
optimization criteria and without taking into account power at all. So, in [16], [23], and [26] the objective is to maximize,
respectively, the throughput, the minimal task slack, and task extensibility. In [19] authors use integer programmingto solve
the problems with more complicated power, but simpler timing models. In sensor networks research, ILP formalism was
recently also used to address optimization of global communication between nodes [25, 20].

2 Integer Linear Programming Formalism

We assume that the system specification, i.e., theinput of the problem consists of:

• A set of processorsP communicating through a shared busb using a TDMA protocol. LetPb denote setP ∪ {b}.

• For each processor or busp ∈ Pb a power model, i.e., a set of operating modesMp specified with powerPp,m

consumed in each modem ∈ Mp . Almost all microcontrollers support frequency scaling, so, for instance, each mode
in Mp may be related to a particular processor operating frequency. In addition, and to simplify the notation, for each
p ∈ Pb the sleep mode which is entered wheneverp becomes idle is treated separately fromMp . Let s denote this
mode andPp,s the (relatively small) amount of power consumed in it.

• For eachp ∈ P an uper bound on processor utilizationup .

• A directed acyclic task graphG = (T ,E ) with a set of tasksT andE ⊆ T 2. Let τ ∈ T denote a task, and let a pair
(τi, τj) ∈ E denote data dependency, i.e. precedence, between two tasksτi andτj .

• A period T of the execution of the task graph. Here we present the procedure for a single-rate applications. In a
multi-rate case, different task subgraphs may have different periods, the constraints are written for multiple instances
of subgraphs, andT is defined as the least common multiple of all subgraph periods.

• A release timeri for each source node ofG and a deadline timedi for each sink node ofG. A source (resp. sink) node
is each node ofG with input (resp. output) degree equal to 0. We assumedi ≤ T for each sink node.

• For each taskτ ∈ T , processorp ∈ P and modem ∈ Mp , a worst-case task execution timeeτ,p,m . This value can be
measured or estimated by computing worst-case task number of cycles.

• For each taskτ ∈ T and modem ∈ Mb of a shared bus, a worst-case task output communication timecτ,m . This
value can be measured or estimated by determining the largest size of the output of taskτ .

The procedure can also take into account energy per sensor reading or energy per memory read or write operation. Al-
though this does not make the corresponding ILP more complex, we do not present it here to keep the presentation simpler.

2.1 ILP Variables

The solution of the problem informally described in Sec. 1 consists of allocation (task-to-processor) and operation mode
(processor-to-mode) mappings, but also of a static time schedule for the tasks. Since the number of processors and modes
is finite and relatively small, the mappings could be encodedwith binary variables. However, this is generally not true for
the schedule part of the solution and therefore the right optimization formalism is integer linear programming formalism. In
principle, a correct ILP solver will always find an optimal solution, whenever there exists a feasible schedule that satisfies all
constraints. For the CPLEX solver [15] that was used in this study, all constraints have to be of the form

∑
i ai · Xi ≤ bi or∑

i ai · Xi ≥ bi, where coefficientsai andbi are real constants andXi are program variables that can be of either binary or
integer type.

The set ofcore variables of the ILP program, which is also theoutput of the procedure, consists of:

• Binary task-to-processor allocation matrixX . For each taskτ ∈ T and each processorp ∈ P let Xτ,p be 1 if taskτ is
allocated top, or 0 otherwise.
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• Binary processor-to-mode mapping matrixM . For each processor or busp ∈ Pb and each modem ∈ Mp let Mp,m

be 1 if processor or busp is to operate in modem, or 0 otherwise.

• Integer task execution and communication start time instant listsS andC . For each taskτ ∈ T let Sτ denote the time
instant whenτ is ready to start executing, and letCτ denote the time instant whenτ is ready to start communicating
its output.

Depending on a problem instance, for a subsetT̄ of tasksT allocation may be determined directly by the problem
specification. For instance, a data sampling task may execute only on certain processor boards connected with a particular
sensor. Let the pre-allocation function̄X be defined on̄T and given as an additional input to the problem. Similarly, asubset
P̄b of Pb may have pre-assigned modes of operation. Let the pre-mapping functionM̄ be defined onP̄b and given as an
additional input to the problem.

Since some constraints cannot be represented as linear expressions of core program variables, additional variables are
needed for the linear form of the program. For that purpose the following binary variables arederived from the core variables
described above:

• Wτ,p,m . For eachτ ∈ T , p ∈ P , andm ∈ Mp let Wτ,p,m be 1 if taskτ is allocated to processorp and processorp
is mapped to modem, and 0 otherwise. Forp = b let Wτ,m be 1 if the output of the taskτ is communicated over the
bus and if bus is mapped to modem, and 0 otherwise.

• Vτi,τj,p . For each pair of tasksτi andτj of T , let Vτi,τj,p be 1 if τi andτj are both scheduled for execution on the
processorp, and 0 otherwise.

• Nτi,τj
. This variable is taken into account only when the two tasksτi andτj are allocated to the same processor. Let

Nτi,τj
be 1 if taskτi executes beforeτj , and 0 otherwise.

• Bτi,τj
. For each pair of tasksτi andτj of T , let Bτi,τj

be 1 if τi andτj are allocated to the same processor and both
tasks have to send their outputs using the bus, and 0 otherwise.

2.2 ILP Constraints

The ILP problem is defined with the following set of constraints:

• A task can be allocated to only one processor. For all tasksτ ∈ T

∑

p∈P

Xτ,p = 1

• A processor or a bus can operate in only one mode (at a time, while not in a sleep mode). For allp ∈ Pb

∑

m∈Mp

Mp,m = 1

• By definition of a derived variableWτ,p,m , we haveWτ,p,m = 1 if and only if Xτ,p = 1 andMp,m = 1. Since the
variables are binary, this constraint can be expressed as

0 ≤ Xτ,p + Mp,m − 2 · Wτ,p,m ≤ 1

• Each source taskτi ∈ T cannot start execution before the release time instant

ri ≤ Sτi

Similarly, each sink taskτi ∈ T has to complete execution before the deadline time instant

Sτi
+

∑

p∈P

∑

m∈Mp

eτi,p,m · Wτi,p,m ≤ di
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• Each processorp cannot be utilized above its maximum alowed utilizationup . For eachp ∈ P

∑

τ∈T

∑

m∈Mp

eτ,p,m

T
· Wτ,p,m ≤ up

• A task may be scheduled for execution only after all of its predecessor tasks complete. For each dependent task pair
(τi, τj) ∈ E

Sτi
− Sτj

+
∑

p∈P

∑

m∈Mp

eτi,p,m · Wτi,p,m ≤ 0

Similarly, the output of a task may be communicated only after the task completes. For eachτi ∈ T

Sτi
− Cτi

+
∑

p∈P

∑

m∈Mp

eτi,p,m · Wτi,p,m ≤ 0

• By definition of a derived variableVτi,τj,p , we haveVτi,τj,p = 1 if and only if Xτi,p = 1 andXτi,p = 1. Since the
variables are binary, this constraint can be expressed as

0 ≤ Xτi,p + Xτj,p − 2 · Vτi,τj,p ≤ 1

• If the two tasks in a dependent task pair(τi, τj) ∈ E are assigned to different processors, then the start time instant of
τj is constrained by the completion of the communication of theoutput ofτi. In the following constraint, the number
Z is a positive constant with a large value. If the two tasks areassigned to the same processor the leftmost element
of the sum takes a large value. The given constraint still holds and the constraint is automatically satisfied, so the
communication time is ignored. However, if the two tasks arenot assigned to the same processor the leftmost element
is zero and the communication time is taken into account. Foreach dependent task pair(τi, τj) ∈ E

Cτi
− Sτj

+
∑

m∈Mb

cτi,m · Wτi,m − Z ·
∑

p∈P

Vτi,τj,p ≤ 0

• A task can begin its execution anytime but its execution cannot overlap with the execution of other tasks. Recalling
large constantZ as in the previous constraint, the following constraint is not automatically satisfied only if the tasks
τi andτj are allocated to the same processor (Vτi,τj ,p = 1 for somep) and if τi executes beforeτj (Nτi,τj

= 1). For
each dependent task pair(τi, τj) ∈ E

Sτi
− Sτj

+
∑

p∈P

∑

m∈Mp

eτi,p,m · Wτi,p,m +
∑

p∈P

Z · Vτi,τj ,p + Z · Nτi,τj
≤ 2 · Z

Similarly, if τj executes beforeτi (Nτi,τj
= 0) the constraint takes the form

Sτj
− Sτi

+
∑

p∈P

∑

m∈Mp

eτj ,p,m · Wτj,p,m +
∑

p∈P

Z · Vτi,τj,p − Z · Nτi,τj
≤ Z

• By definition of a derived variableBτi,τj
, we haveBτi,τj

= 1 if and only if the tasksτi andτj are allocated to the same
processor, if there existsτi+1 ∈ T such that(τi, τi+1) ∈ E and the two tasks are not allocated to the same processor,
and if respective relations hold forτj andτj+1. Since the variables are binary, this constraint can be expressed as

−2 ≤
∑

p∈P

Vτi,τj,p −
∑

p∈P

Vτi,τi+1,p −
∑

p∈P

Vτj,τj+1,p − 3 · Bτi,τj
≤ 0

• Since the bus is shared through a TDMA protocol additional communication constraint is that two transmissions from
the same processor board cannot overlap. The following constraint is not automatically satisfied only in caseBτi,τj

= 1
andNτi,τj

Cτi
− Cτj

+
∑

m∈Mb

cτi,m · Wτi,m + Z · Bτi,τj
+ Z · Nτi,τj

≤ 2 · Z
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Similarly, if τj executes beforeτi (Nτi,τj
= 0) the constraint takes the form

Cτj
− Cτi

+
∑

m∈Mb

cτj ,m · Wτj ,m + Z · Bτj ,τi
− Z · Nτj,τi

≤ Z

• The preallocated tasks generate the following constraint.For all τ ∈ T̄

Xτ,p = X̄τ,p

• The premapped processors generate the following constraint. For allp ∈ P̄b

Mp,m = M̄p,m

2.3 Objective function

In this paper we minimize the system power while satisfying timing and dependency constraints described above. We
assume that the total system power consists of power consumed by computation and communication elements ofPb , i.e., by
processorsP and busb. The simplest power model corresponds to the operation in which element ofPb remains in the same
mode all the time, i.e., even when it is idle. In this case the total system power, written as a linear expression of program
variablesMp,m and power coefficientsPp,m , is

P =
∑

p∈P

∑

m∈Mp

Pp,m · Mp,m

However, to save energy, in a typical implementation, a processor or a bus goes into the sleep mode of operation, as soon as
no task is ready for execution or communication. In this case, worst-case execution and communication times must be taken
into account to compute duty cycleDp,m of a processorp in modem and duty cycleDb,m of busb in modem. Recall that
Pp,s represents the power consumed in the sleep mode. The system power is given with the expression

P =
∑

p∈Pb

∑

m∈Mp

(Pp,m · Dp,m + Pp,s · (1 − Dp,m))

where
Dp,m =

∑

τ∈T

eτ,p,m

T
· Wτ,p,m and Db,m =

∑

τ∈T

cτ,m

T
· Wτ,m

In the rest of the paper we assume the latter, more realistic,form of power model.

3 FFT Model

In this section we demonstrate the optimization procedure on a simple FFT-based application model. We first present
model parameters, some of them measured in previous research, some only estimated to be as close as possible to the current
m-platform implementation.

Two processor boards are currently developed for the m-platform: ARM - medium-power ARM7TDMI-based OKI
ML67Q5003 board [7], andMSP - low-power MSP430-based TI MSP430F1611 board [6]. Note that the powers consumed
by the two boards in their fastest active mode differ about 30times (total current forARM being about 70mA, and forMSP

about 2mA). Future m-patform configurations will also have ahigh-power Intel PXA based board. Each board also contains
a low-power CPLD [8] that implements a TDMA based shared bus.Let a stack of oneARM and twoMSP boards be
available for the application discussed in this section. So, according to the notation described in the previous section we may
writeP = {ARM0, MSP1, MSP2} andb = CPLD.

The maximum clock frequency of theARM processor is 60MHz. A software controlled divider can slow it down 2,4,8,16,
or 32 times [7]. Therefore,MARM0 contains 6 modes defined by the operating frequency. For the values ofPARM0,m we
use the results of extensive power measurements presented in [18]. Similarly, theMSP processor used in the current m-
platform design can operate with 4 different frequencies, the fastest being 6Mhz [6]. The data forPMSP1,m = PMSP2,m is
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(a) (b)

Figure 1. (a) Task graph for the Sec. 3 example (b) Optimal solution, Ns = 8

taken from [22]. Finally, theCPLD bus is nominally clocked at 16MHz, but can also be slowed downto operate in one of
the five different frequencies. This enables adjustments oftheCPLD power consumption according to the processor which
it is connected to. Power dataPCPLD,m can be computed from the curves given in [8]. In this example we assume that the
utilization bound for each processorp is up = 1, i.e., we assume full processor utilization.

As shown in Fig. 1(a) the application task graph consists of 10 tasks, where PRE denotes preprocessing, FFT Fast Fourier
Transform, PROC processing, and POST postprocessing tasks. The graph was constructed as a simplified version of a
beamforming application task graphs used in [10] or [24]. The four audio channels are sampled (denoted with S) at the same
time. The symbolfs denotes the frequency with which data is sampled at each channel. For audio applications the value
for fs is typically taken from the range 4-8KHz. The symbolNs denotes the size of the processing block of samples. For
FFT applications it is equal to a power of 2, typically largerthan 128. Under the assumption that every sample is going to be
processed, the period of the task graph is equal toT = Ns

fs
. Even though it is not necessary, here we assume that the release

time of all PRE tasks is 0, and that the deadline for each graphpath, i.e., of the POST task is equal toT . Finally, the values
for the task execution and communication times are determined from the values reported in research papers [14] and [13],
and application notes [1] and [5].

In this example we also assume that the m-platform implementation demanded preallocation of some tasks. Namely, as
shown with dashed line in Fig. 1(a) the two PRE tasks are required to execute on theMSP1, the two other PRE tasks on
theMSP2, and the POST task on theARM processor. Using the notation described in Sec. 2 we may, forinstance, write
X̄POST,ARM = 1.

After all these application parameters are determined, theinput of the problem is specified, and the constraints and objec-
tive are fully defined. We used the CPLEX ILP environment to solve for the optimal variable values, and then interpreted the
core variablesXτ,p , Mp,m , Sτ , andCτ , for the allocation, mode mappings and the static schedule.We experimented with
different parameter values and also with other task graphs containing up to 30 tasks. In most cases the optimization procedure
takes 0-20 seconds on a 2GHz server running Windows XP. On larger graphs it may take up to a couple of minutes, but a user
may specify cutoff time after which the solver outputs the best solution found.

Fig. 1(b), Fig. 2(c), and Fig. 2(d) graphically show the optimal schedule for the cases whenNs = 8, Ns = 32, and
Ns = 128, respectively. The graphs show how power-optimal task allocation (i.e., optimal value forXτ,p) changes by
changing the sample block sizeNs. The direct consequence of increasingNs is increase in execution and communication
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(c) (d)

Figure 2. Sec. 3 example (c) Optimal solution, Ns = 32 (d) Optimal solution, Ns = 256

times of all tasks. We see that for small values ofNs, i.e., for the values ofeτ,p andcτ,p small enough to be executed on an
MSP processor, the optimal assignement tries to utilize theMSP ’s as much as possible. For larger values ofNs most of
the tasks tend to be allocated on theARM processor.

What the graphs do not show is the power-optimal processor-to-mode mapping, i.e., the optimal value forMp,m . However,
for this mapping the optimization procedure usually results in the fastest possible mode for all processors and the bus (of
course, under the assumption that each processor goes to sleep as soon as it becomes idle). This is so because in this simplified
application model that uses estimated or calculated power and timing parameters, the processor power in a mode is a linear
function of mode frequency, and the execution times are inversely proportional to the frequency. This is true for the currently
used m-platform processors, because they can only manage power through frequency scaling. However, this does not hold if
a processor exhibits dynamic voltage scaling, as in the caseof the Intel PXA processor. In such processors, DVS can reduce
power consumption quadratically, while reducing execution speed only linearly. This also means that the same performance
can be achieved with reduced power by the distribution of thecomputation load even using homogenous processors [24].
To conclude, if for the m-platform processors DVS is not an option, the power optimization has to leverage heterogenous
character of the platform. This typically means to execute as many tasks as possible at low-power (MSP ) boards.

4 SSL Implementation

In the final section of the report we describe the sound sourcelocalization algorithm, study its computational complexity,
discuss its implementation, and analyze its performance onthe m-platformARM board. This is just an intermediate step
in the project since the goal is to have an end-to-end local application that takes the advantage of both low and high power
processors of the platform.

Sound source localization implementations are becoming common in teleconference, intelligent environment, and other
applications with human-computer interactions. Several methods have been developed for source location estimation.The
SSL algorithm studied here, the SRP-PHAT algorithm [11], uses an array of precisely positioned microphones to determine
the location of an acoustical source. It is primarily designed for a single active sound source at a time. Compared to other
algorithms, SRP-PHAT is simple and efficient, yet robust against noise and reverberation. For more complex algorithms see
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Parameter RingCam m-platform

sampling frequencyfs 16KHz 8KHz
sample block sizeNFFT 640 512
number of hypothesesNh 90 12

number of microphonesNm 8 4
window sizeNw 240 240

(a) (b)

Figure 3. (a) Task graph for the SSL application (b) Parameter values in two SSL implementations

the discussion in[2].
In SRP-PHAT and similar algorithms the location is determined by computing delay between times of audio signal arrival

to different microphones. This delay could, in principle, be estimated from the signal cross-correlation function. With an
array of microphones, the sum of correlation functions overall pairs of microphones has to be considered and maximized.If
the number of used microphones isNm such a sum would naturally requireO(N2

m) computational complexity. However, by
assuming a certain suitable weighting function to take intoaccount the noise, the complexity can be reduced toO(Nm) [2].

In practice, the maximization of the correlation function is achieved through hypothesis testing. Namely, multiple source
location hypotheses are tested and the one that results in the largest correlation is declared as the source location. For
teleconference applications the location is commonly represented in spherical coordinates, so each hypothesis corresponds to
a spherical segment at a certain distance from the center of the scene. The selection of the number of hypothesesNh is also
important and directly affects computational complexity (see [21] for improvements).

The signal processing algorithms like SRP-PHAT are usuallyperformed in the frequency domain because of more efficient
processing and noise filtering. The algorithm is performed for a window of frequencies, i.e., for a window ofNw discrete
frequencies. For audio applications this window is usuallywithin 0.2-4KHz. Moreover, since hypothesis testing is used in
the SRP-PHAT algorithm, the frequency domain allows for a table with a phase shift for each hypothesis to be computed off-
line, thus reducing the number of operations performed on-line. Fig. 5(a) shows the task graph of the SRP-PHAT algorithm.
Shown for four audio channels, it resembles the task graph inFig. 1(a). The SC task performs noise power estimation. In the
simplest variants of the algorithm the noise level is used toclassify the currently processing block of samples, i.e., to decide
whether the currently processed sound is noise or voice. If the block is classified as a block of voice samples the SSL task
is executed to determine source location through correlation maximization. In more complex algorithm variants the power
level itself is used in the expression for correlation. The AVG task is executed only after a certain number of the SSL task
executions. It perfroms the averaging of the location output of the SSL task.

We implemented the algorithm on the m-platformARM board with the ARM7TDMI 60MHz processor, 512K of Flash
ROM, and 32K RAM. The SRP-PHAT algorithm puts such an architecture close to its performance bounds. In comparison,
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the similar algorithm was implemented in the scope of the RingCam project [12]. There, the system was also used for audio
archiving, but the hardware consisited of two dual cpu (Pentium 4) 2.2GHz machines. To give a sense of the difference in
performance of the two implementations we show the values ofsome SSL parameters in Fig. 5(b). One of the problems with
theARM solution is that the ARM7TDMI processor does not have DSP features [4]. The most serious drawback for signal
processing is that the floating-point arithmetic is not supported in hardware. The application was implemented and tested
using the ArmGnu suite of open tools. The new versions of the tool chain do not emulate floating-point operations, but instead
have efficient software libraries. This difference alone can make the execution times of the SSL algorithm smaller more than
ten times. Another drawback is that the DMA transfer available on theARM board is not suitable for multiple-channel audio
applications neither in burst nor in cycle-stealing mode [7]. Therefore, sampling had to be done through interrupts which, in
our case, resulted in overhead of about 5%.

On the other hand, the parameter space of the SSL algorithm islarge, which enables tuning the performance even for
embedded implementations as in the m-platform case. Besidethe basic signal processing parameters such as sampling
frequencyfs, the sample block sizeNFFT , and the window sizeNw, there are several SSL-related parameters such as the
number of microphonesNm, the number of hypothesesNh, the classification threshold for the SSL execution, the period
of the AVG task, and various noise related parameters for algorithm modifications. The effect of each of these parameters
on the application time and memory complexity can be tremendous. For instance, the size of the constant look-up table that
stores phase-shift values for all location hypotheses isO(Nh ·Nm ·Nw). Since each value is a complex number, even for the
parameter values given in Fig. 5(b) the requirement easily sums up to 200KB. The RAM requirements areO(NFFT · Nm)
which may also be critical since theARM board has only 32KB of RAM.
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Figure 4. Task execution times in µs as a function of number of hypotheses (a) and frequency window
size (b)

Nh 2 3 4 6 12 18

eSSL 27.8 37.8 48.8 75.8 138.7 235.98
eFFT 25.28 25.28 25.28 25.28 25.28 25.28
eSC 1.15 1.62 1.92 3.8 4.8 9

Nw 160 180 200 220 240

eSSL 92.67 103 120 130.4 139
eFFT 25.28 25.28 25.28 25.28 25.28
eSC 2.4 3.8 4.25 5.52 5.74

(a) (b)

Figure 5. Measured task execution times values for Fig. 4
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Figure 6. Portion of samples that can be processed as a function of number of hypotheses (a) and
frequency window size (b)

The time complexity analysis of the SSL algorithm is important if we want to have timing guarantees for the application.
The tasks in basic variant of the algorithm perform the following order of operations (usually multiply operations):O(NFFT ·
Nm) for FFT,O(Nh ·Nm) for SC, andO(Nh ·Nm · Nw) for SSL. So, the dominant part of the time is required for the SSL
task, which becomes even worse if noise correction algorithms are implemented (O(N2

m)). However, the code for all the
tasks typically consists of nested loops of arithmetic operations, so the execution times are highly deterministic andalmost
data independent. We measured the task execution times for the 60MHz mode, and studied the dependence with respect to
application parameters. Fig. 4(a) and (b) show the results for the parametersNh andNw respectively. The values for the FFT
and SC tasks are shown for all four task instances. The results confirm the linear dependence, which also enables ILP-based
procedures if performance optimization over a certain parameter is desired.

Assuming the sampling frequencyfs=8KHz and sample block sizeNFFT =512 the block of samples is collected in time
Tf = NFF T

fs
=64ms. When the total execution timeetot = eFFT + eSC + eSSL for the entire task graph is taken into

account, we see that theARM processor can process every sample in real-time only for themost conservative values of
other parameters. Namely, Fig. 6(a) and (b) show the ratioetot

Tf
when the parametersNh andNw are varied respectively.

Ideally, this ratio should be less than 1. So, for instance, if Nh=12 (i.e., location resolution of 30 degrees) andNw=240, we
have etot

Tf
=2.6, which means that only every third sample can be processed. Although we did not implement the algorithm

on the entire m-platform, i.e., distributed on bothARM andMSP processors, we have enough data about execution and
communication times (c.f. [3]) to estimate the performance. If an m-platform stack consists of fourMSP processors and
oneARM processor, we would like to have eachMSP executing FFT and SC tasks, and theARM executing the SSL and
AVG tasks. With the same values of the parameters as before the analysis shows that all processors can complete their load
in about 140ms (including communication usingCPLD). This results inetot

Tf
=2.2 . However, this analysis assumes that the

SSL task is executed in every periodTf which is not the case, since some blocks of samples are classifed as noise.
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