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Abstract—We investigate the use of the particle filtering multi-dipole localization problem. Using the MPF, the high
sequential Bayesian estimation technique and its hardwarém-  dimensional multi-dipole state model is divided into mypik,
plementation for tracking neural activity. We propose using the low-dimensional, single-dipole state models. We use sgpar

multiple particle filter (MPF) approach in order to reduce th e . . . -
computational intensity incurred due to the large number of Parallel, but interactive sub-PFs for tracking each dipole

sensors required to observe the noninvasive magnetoencegiog-  resulting in largely-reduced particle numbers for each-BEb
raphy (MEG) measurements needed to estimate the brain curre  and thus higher implementation efficiency. We implement the

dipole source locations and moments when tracking neural resulting algorithm on a Xilinx Virtex-5 FPGA platform to

activity. The improved tracking performance of the MPF is  4amonstrate its applicability to real-time MEG systems.
demonstrated using numerical simulations on synthetic andeal

data. We also investigate the parallel implementation of th MPF
algorithm on a Xilinx Virtex-5 field-programmable gate array I1. MULTIPLE PARTICLE FEILTERING
(FPGA) platform. Our results of significant reduction in tim ing
requirements demonstrate that the implementation is suithle for

real-time tracking. A. Particle Filtering

Particle filtering (PF) is a sequential Monte Carlo method
|. INTRODUCTION that can be used to estimate dynamic state parameters of non-

Localizing and tracking neural activity using noninvasivdnear and/or non-Gaussian systems, by solving the (plgysib

MEG measurements can provide very useful information dJfoniinear state-space model, at time stegiven by

ing epilepsy surgery for patients with medically uncoradl

partial seizures [1]. Although MEG measurements provide Xi = [fo(Xp-1,u5-1) )
high temporal resolutions in the order of milliseconds, it Zy = hp(Xg)+ v (2)
does not provide high spatial resolutions for neuronalvigti

localization. As a result, sensors are placed on the headH&re, X, is the state parameter vector of dimension Zy
hundreds of locations in order to monitor brain magnetidfel is the measurement vector of dimensiop, f;. is the state-
[2], [3]. Since most MEG signals result from the intracellutransition function); is function that relates the state vector
lar longitudinal currents along active cortex regions,rent Wwith the measurement vectau,, is the state modeling error
dipoles have been successfully used to model brain activiyocess andv, is the measurement noise process. The PF
[4], [5]. Following the multiple current dipole represetitm approximates the state posterior probability density fionc
of electric sources, estimating dipole source charatiesis (PDF) of X, at timek, using a set ofV samples or particles,

using MEG measurements corresponds to determining tKé, and their corresponding weights;, i = 1,..., N as
brain’s electrical current distributions [6]. Sequentayesian N .

estimation techniques, such as particle filtering (PF) lidke p(Xg|Zy) =~ Z wy, 0(Xg — X3,) -

been used to track the dipole MEG source locations [8]. Note, i=1

however, that when tracking multiple neural activitiese th _ _ _ )
number of dipole locations and moments increases. Congel "€ PF algorithm has three main steps: (a) the particles

quently, the number of particles required for accuratekirag o '€ drawn from an importance densigiX . | X}, ., Z1:x),
performance also increases, resulting in a significanease WhereZix = {Z1,...,Z;} is the sequence of all measure-
in the PF computational complexity. ments up to timek; (b) the weights are calculated as

In this paper, we propose tracking neural activities using
the multiple particle filter (MPF) approach [9] in order to
reduce the PF computational complexity and improve the

. N i —. .
mean-squared error (MSE) estimation performance of tR8d then normalized so that;_, w;=1; and (c) the particles
are resampled to avoid particle degeneracy [7]. These three

This work was supported by the National Science FoundatiafeuGrant steps are the pa5|s of the most Commonly used PF algomhm'
No. 0830799. called sample-importance-resampling (SIR) PF.
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B. Multiple Particle Filtering The magnetic field in (5) can be simplified based on some

If the dimensionn,, of the state vectoX, is large, a large @ssumptions. The first assumption is that phienary current
number of particles would be required to accurately esemdian be represented by one or multiple ideal point-Gkerent
the state. Fom, > 1, the state vector can be representediPoles as [4]
by Xi = [X/; X, ... X, ]7, where T denotes vector Na
transpose and each subvecy ; is of dimension = n,/.J 1%9(p) = Z my; 5(p — Pr.;)

(with L assumed to be an integer). The state update equation j=1

for the jth sub-vectorj = 1,2,...,J, is given by " ~ . .
where p;=[p;) pi’) pi))7 and my =(m() m?) mi7)T

Xt = f(Xpj,upj), are the three-dimensional (3-D) location and moment vector
respectively, in Cartesian coordinates, of jkiecurrent dipole.
The jth curent dipole can thus be represented by the 6-D state
: , . . , D torX ;=[p; . m; .]T. The second assumption is that the
using N; particlesx\”’ with corresponding weights\”,, i = <¢ kg~ Pk.j "k =
9 P Xk, b g Weigh's,, ;, model for the human head can be simplified to a sphere of

1,...,Njandj =1, ..., J. When implementing the MPF, the . - )
: : : constant conductivityr, whose explicit value is not actually
particle propagation and resampling steps are the sametlas wi

. . L eeded for neural tracking.
g:\t;:‘eillsyP[I;.]However, the weight updating step is different af Given these two assumptions, an analytic formula which

_ o accounts for the contributions of both the primary and vaum
@) @) p(zﬂx,ﬁ%,ik,_j) p(x,(j_’)j|x,(ﬁl_’j,)2k_1,_j) currents given by [10]
Whj X k=1,

whereuy, ; is the jth modeling error process of dimensidn
A different PF needs to be used for each sub-vedigy;,

Qj(xl(;,)ﬂxl(ﬁl,jv’A‘k—l,—jvzk) N 140
- . . : br(ps) = E —5(9k,j Mk X Py
wherex;, _; andx;_; _; are predicted and estimated values = 47Tgk,j
of all the states at time stefp except of thejth state vector

) ) o —(mg ; x hp ), (6
X ;, respectively. If the same importance density is used by (Mi,j X Pr s~ Ps) V Gk) » (6)

all sub-vectors, that isy; (xx,; [xk—1,5,2r) = p(Xkj[Xk-1;), Wheregx j=ax j(psar; +p3 — (Pr; - Ps))s @k, ;=IPs — Pr ;s

then the weight update function is reduced to ps=|p,| and<ygx ; is defined in [10]. Also, ifa=[a; as a3]"
() () () =~ andb=[b; by b3]", then their cross product is given by x
W5 X wkfl-,jp(zklxk-,j’xk’_j) ’ ®) BT=a1b1 + asbs + azbs anda- b=[a1b1 asba a3b3]T is their]
where the predicted values are obtained from dot product. The inverse problem dynamically estimates the
N, 3-D locationp, ; and 3-D momentn, ; from the magnetic
Xp, = Z wl(;)JX;(;)J ' 4) measure_mentlsk.(ps). From Equation (6), we can see that the
P problem is nonlinear though the dependencé,gp,) on the

The sub-vector state-space formulation suggests thaicht ed'pOIe_ momentsny, ; IS linear. As a result, the PF can be used
o estimate the locatiop, ; and momenimy ; vectors, and

time stepk, the jth PF obtains a prediction of its state ancﬁE Lation (6) can be used as the measurement equation
provides the information to the remaining— 1 PFs. The PFs q ©) q '

use the exchanged information for computing the weights Bf Tracking Neural Activity Using MPF

their particles and eventually for generating new parsicle We first model the brain as a 3-D sphere and consider

[1l. MPF FORLOCALIZING NEURAL ACTIVITY the single dipole tracking problem [6]. The magnetometers
A MEG Inverse Problem are distributed on a spherical hemisphere of radigs > 0
' with radial orientation. The radius of the sphere model of

densi | ; dtime i £ insid Fhe brain isrmax < rops We ignore the volume currents and
current density/; (p) at locationp and time instank inside a 515, a55ume that the activity is confined to the volurén

volume<2 produces the magnetic fielg(p, ) due to a sensor the upper half space > 0 such that the radial distance

at locationp,. According to the Biot-Savart equation, thisrrom the origin satisfiesmin < r < rmax Using Cartesian
magnetic field is given by

According to the quasi-static approximation in [10],

coordinates, the 3-D dipole position jig ;=| Efi pgjﬁ p;:i]T

b (ps) = Z_O/ I (p) x % dp, (5) and the 3-D dipole moment 'mkyl:[mgj’”f m,(cyi m,(:i]T. The
7 Jo Ips — P unknown state at timg is thus denoted by the 6-D state vector

where i is the constant magnetic permittivity of vacuum inX,=[p/, m/,]".

volume 2. When considering the magnetic field generated The single dipole state-space model for the MEG source
from the human brain, th((a )current density consists of twocalization problem is given by [8]:

terms: theprimary current IkpC (p) of neural origin, and the B B

volume current I,i”)(p) that is due to the nonzero conductivity Xis1 =X Ui, Zie = h(Xp) + Vi, )

of the human brain. The MEG inverse problem is thus the retere thel-dimensional vecto?Z, is the MEG sensor mea-
covery ofI,(fc)(p) from the measured magnetic field producedurement at timek, I" is the number of magnetometers,
by both current densities. up and v, are the process noise and measurement noise,



respectively, and(-) is a nonlinear gain function that depend$1PF tracker. Note that the SPF used 5,000 particles, and each
on the relation between the brain’s external magnetic finttl aof the two sub-PFs of the MPF used 1,000 particles each. For

internal current density. Specificallf, = [br1 ... bk,r‘]—r, the Ny=2 multi-dipole case, the tracking results are shown in

where Figures 1(c)-1(f). The MPF used two SPFs with 5,000 pasicle
o M1 X (Pr~y — Ph1) each, and the PF used 20,000 particles.

bry = An Y y=1...I', (8) The average MSE comparison for 100 Monte Carlo simu-

) . lations for both dipole cases is summarized in Tables | and
wheremy,; andpy,; are the moment and location of the singlg, ' Ajthough both trackers provide reasonable estimatethef
dipole, andpy, is the location of theyth sensor. In practice, \jeG source locations, the MPF tracker needs significantly
however, we do not necessarily have only one well-localizggdor number of particles. When the MPF tracker uses the
active region. We thus extend the particle filtering apphoagame number of particles as the SPF, then the MPF results
to the case ofVy dipoles. in improved MSE performance. For example, the MSE per-

For the multiple dipole formulation, the unknown staigymance improves from 0.398 to 0.253 for the single-dipole
has dimension6N, and the I'-dimensional magnetic field 1,qe| and from 0.576 to 0.377 for the two-dipole model.

measurement&;=[by1 ... bpr]' are given by
Ny TABLE |
b, _ Mo Z my ; X (Pky — Pk,j) _ ) COMPARISON OFMSE FOR SINGLEDIPOLE MODEL
P = IPr~y — Prjl> i e Approach SPF Multiple PF
= Number of particles 5,000 2,000 5,000
For the MPF formulation, we divide théN,;-dimensional 3-D Location MSE 0.398 0.363 0.253
. . . ) 3-D Moment MSE 0.332 0.295 0.206
multi-dipole state vectoX; into N, single-dipole state 6-D
—r.(z y z x y INT =
vectorsXy ;=| ;(”) p;(c_;- p;(c,; m;(w) m;(”) m;(g,)-] v J=1,..., Na. TABLE I
In order to still improve computational complexity for thase COMPARISON OFMSE FOR TWO-DIPOLE MODEL
of the single dipole, we divide the 6-D state vec¥y into Approach SPF Multiple PF
two 3-D sub-vectorsX;, = [p\") p{¥) p*)] and Xy, = Number of particles 20,000 | 10,000 | 20,000
(@) () _ (2) ’ ’ ’ Dipolel Location MSE 0.576 0.491 0.377
[my 1 myy my ] Dipole2 Location MSE 0.547 0.486 0.359
For Ny > 1, the jth sub-state space represents the location
and moment of theth dipole sourcej = 1,..., Ny. It uses

the jth PF to track thejth MEG source of neural activity. B. Real Data Results
The particle generation and resampling step of each PF are@he performance the new MPF approach is also compared
implemented using the SIR approach [7]. However, the weigliith the SPF using real data from a language study experiment
update step is modified to [9] [11]. In this experiment, 87 incongruent sentences werergiv
(4) (4) G) . to the subjects sequentially. After a 300 ms warning tone,
Wi j 0 Wiy, PZkIXG 5 X g), 0= 1500, M followed by a 1,200 ms pause, a sentence was presented. The
where M; is the number of particles in thgth PF, and time lapse between two sentences was 4,100 ms. MEG signals
Xpj = Koy .. 5(;_]_71 X;jﬂ ... Xen]T andX,_; = Wererecorded with a 151 sensor CTF Omega System, lowpass
o ’ ’ ' filtered at 100 Hz, and digitized at 300 Hz. The MEG data was
averaged from 87 trials to increase the signal-to-noise rat
; (SNR). The tracking trajectory results are shown in Figure 2
) S M, () 0 e quation .(_é) a1Eigure 3 compares the tracking performance of the SPF and
obtained ax ;=)_; Wy~ ;X ;. Since we use a predictedi,e MpF with a dipole fitting beamformer technique that uses
valueXy, —; instead of a set of random particlﬁél)_j to cal- a spatially adaptive filter to estimate the amount of agtivit

culate the likelihood fUﬂCtiO@(ZkIXS)Fp(ZkIX,(i)j;f(k,—j), at any given location in the brain [11], [12]. For the pasicl

the number of particles needed can be significantly reducetiltering techniques, we used 10,000 particles for the SRF an
5,000 patrticles for each of the sub-PFs of the MPF. Note that

for the real data, we do not have the accurate location of the
A. Synthetic Data Results source dipoles, so cannot say if our method is working better

The MSE performance results are first demonstrated wiff@n the beamformer dipole fitting method.
the proposed MPF approach for both the single-dipole and
the multiple-dipole neural activity tracking problem ugin ) _
synthetic data. The data was created by inserting curréht/Architecture Overview
dipoles into the sphere head model and calculating thetresul The overall block diagram of the proposed hardware archi-
ing magnetic field using Equation (9) with Gaussian noistecture is shown in Fig. 4(a). It consists #£N,; processing
Figures 1(a) and 1(b) compares the true location and mometements (PE) connected by a global bus, wh&teis the
of the z Cartesian coordinate of the dipole with the estimatatumber of current dipoles and also the number of sub-PFs.
ones obtained using both the SIR PF (SPF) tracker and thach PE implements the computation steps for one sub-PF

~T AT ~T .

Xpq oo Xpjo1 Xpjy1 --- Xpn]' are the predicted and

estimated values of all the states, excludig; and X, ;,

respectively. Thus, the Predicted values in E
K2

IV. NEURAL ACTIVITY TRACKING RESULTS

V. HARDWARE IMPLEMENTATION
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Fig. 1. Comparison between the true (red) and estimatedg (&R PF or SPF) (black) and MPF (blue)Cartesian coordinate of (a) single dipole location;
(b) single dipole moment; (c) Dipole 1 location; (d) Dipolddzation; (e) Dipole 1 moment; and (f) Dipole 2 moment.

4 6 1 2 3 4 5 4
Time step Time step time step

(a) z-coordinate (b) y-coordinate (c) z-coordinate

Fig. 3. Tracking performance for estimating the dipole tarausing real data using beamformer method (BF), SIR PF)S&hd MPF.

reduce processing time and communication overhead. The
block diagram of each PE is given in Figure 4(b). Each PE
consists of four computing engines (CE) which operate in
parallel and one central unit (CU). Thié particles are equally
distributed among four CEs, and the local PF processing
steps, such as particle generation, weight evaluation st |
resampling, are executed in each CE.

In order to reduce the communication overhead, the pasticle
in each CE are distributed into groups based on the global
range X L. and X H computed in the CU. The average value
ux and average weighiw of the particles in the group are
concurrently as shown in Fig. 4(a). The inter-PE communicgseq to form the new particles. This method may affect the
tion is quite small: PE transmits the predicted valug; » 10 estimation accuracy since the average value in each group is
other PEs and receives ;. from other PEs to update thereplicated. To improve estimation performance while kagpi
weights, wherex; ,, can be calculated using (4). the communication overhead low, we use IMH resampling in

Here, we employ the parallel PF independent Metropolisach CE and transmit the range of the resampled particles to
Hastings (PPF-IMH) architecture [13] which can signifidant the CU. The resampled particles represent the posteritwapro

Fig. 2. 3-D location coordinate tracking result using reafad



bility density function more accurately, thereby imprayithe

system clock rate as 100 MHz. The total processing period for

estimation performance. In addition, since the IMH sampl@ne iteration is onlylioia=31.15 us.

can be easily pipelined, the processing period is not ise@a
MEG
measurement
1
' ' ' )
PE, PE, PE,
Sub-PF1 Sub-PF2 | ... .. Sub-PFJ

X.

)

Global Communication Bus

xz_kjE Xk

(@

-1k

PE;j . .
] CEl ‘ M/4 particles 4 particles | CE2
-Sample -Sample
—] -Importance -Importance
-IMH sampler -IMH sampler
sum(wl) W w sum(w2)
xI1,xh1 XL,XH XL,XH x12,xh2
Central Unit
Input -Compute W (normalize factor)
. > -Compute XL, XH
M particles -Compute R (replicate factor)
x13,xh3 W w sum(w4)
sum(w3) XL, XH XL, XH x14,xh4
-Sample -Sample
—] -Importance -Importance
-IMH sampler -IMH sampler
CE3 | M/4 particles CE4
M/4 particles

(b)
Fig. 4. Block diagram: (a) overall architecture; (b) PPRHMrchitecture.
B. Hardware Implementation Evaluation

The MPF PPF-IMH hardware architecture is implementegy

using Verilog HDL and synthesized on the Xilinx Virtex-
5 device (XC5VSX240T). The design was verified usin
Modelsim.

Resource Utilization: Table Ill summarizes the architecture

resource utilization for a two-dipole, 8,000 particle gyst

I Sampling
Prediction
I ‘Weight computing
IMH sampler Group and mean
Global ranging Compute P
Ls N Lw N Lr N Lp
Fig. 5. Execution time of proposed method.

VI. CONCLUSION

In this paper, we proposed the application of multiple
particle filtering for tracking neural activity and demanased
its performance using both synthetic and real data. This
method achieves better tracking performance in terms of MSE
using the same number of particles as the SIR PF. When
using lower lower number of particles for each sub-PF than
the SIR PF, it achieves the same MSE but with a highly
reduced computational complexity. The proposed method was
also implemented on the Xilinx Virtex-5 FPGA platform. The
processing time for one iteration using 8,000 particles was
shown to be only 31.1%&s.
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