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Abstract Electroencephalography (EEG) and magnetoencephalography (MEG)
measurements are used to localize neural activity by solving the electromagnetic
inverse problem. In this paper, we propose a new approach based on the particle
filter implementation of the probability hypothesis density filter (PF-PHDF) to au-
tomatically estimate the unknown number of time-varying neural dipole sources
and their parameters using EEG/MEG measurements. We also propose an effi-
cient sensor scheduling algorithm to adaptively configure EEG/MEG sensors at
each time step to reduce total power consumption. We demonstrate the improved
performance of the proposed algorithms using simulated neural activity data. We
map the algorithms onto a Xilinx Virtex-5 field-programmable gate array (FPGA)
platform and show that it only takes 10 ms to process 100 data samples using
6,400 particles. Thus, the proposed system can support real-time processing of an
EEG/MEG neural activity system with a sampling rate of up to 10 kHz.
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1 Introduction

Electroencephalography (EEG) and magnetoencephalography (MEG) are neuro-
physiological diagnostic tools that are used to measure external electromagnetic
signals generated by the brain’s neural activity [2]. MEG/EEG measurements can
be used to localize neural activity and can lead to new treatments of illnesses such
as stroke, epilepsy, and Parkinson’s disease. Although MEG/EEG yield high tem-
poral resolution (in the order of tens of ms), for superior diagnostics, high spatial
resolution is also required. This can only be achieved if the neural sources could be
accurately localized from the measurements, a problem that is referred to as the
MEG/EEG inverse problem. Furthermore, since current dipole models have been
successfully used to determine the brain’s electrical current distribution [3,4], the
inverse problem can be simplified estimating the parameters of localized current
dipole neural sources from MEG/EEG measurements.

Different methods have been applied to solve the inverse problem [4–13]. More
recently, Bayesian methods such as Kalman filtering [14, 15] and particle filtering
(PF) [16] have been used to estimate the parameters (location, orientation, and
amplitude) of the multiple dipole sources [15, 17, 18]. The Rao-Blackwellized PF
and the beamforming PF were used in [8,9] to further improve estimation perfor-
mance. Note that these methods assume that neural activity can be represented
by a fixed and known number of current dipole sources. However, in realistic
scenarios, the number of neural dipole sources varies with time and has to be
estimated together with their parameters. An approach to dynamically estimate
the number of dipoles and their neural activity was proposed in [11], based on
modeling the number of neural sources at each time step using a random finite set
(RFS) [19]. However, this approach requires a large number of particles (in the
order of 100,000) to achieve good estimation performance, and as a result it is not
amenable to real-time implementation.

In this paper, we propose a new approach to estimate both the unknown num-
ber of neural dipole sources and their parameters from EEG/MEG data. The
approach is based on the PF implementation of the probability hypothesis den-
sity filter (PHDF), as shown in Figure 1. The PF-PHDF is used to estimate the
state of multiple objects [20]. However, it cannot be directly used for solving the
EEG/MEG inverse problem. We first separate the measurements into indepen-
dent components corresponding to different neural sources [21], and then we use
the PF-PHDF to estimate the unknown number of dipoles at each time step in
a closed-loop configuration followed by the estimation of their parameters. The
closed-loop approach simplifies the dual estimation to a known-number of dipole
sources problem; it thus decreases the number of required particles and reduces
the computational complexity. For real-time implementation, we propose using
window-based processing along with threshold-based eigenvalue distilling to re-
duce the computational complexity and speed up processing.

We also consider a wireless ambulatory and portable (wearable) EEG system
which allows monitoring of a patient over long periods of time [22,23]. We propose
a sensor scheduling algorithm which identifies a subset of sensors to be powered on,
thereby significantly reducing the power consumption of the portable EEG system.
The algorithm is based on adaptively configuring the sensors used to collect the
EEG measurements at each time step using the minimum predicted mean-squared
error (MSE) or maximum signal-to-noise ratio (SNR) as the performance metric.
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Fig. 1 Block diagram of proposed closed-loop neural dipole source estimation system.

Optimization is performed globally by searching over all available sensors. We show
that the proposed sensor scheduling algorithm significantly reduces the number of
sensors required with minimum estimation performance degradation. For example,
using only 15 out of 32 sensors, the root MSE (RMSE) in dipole location estimation
only slightly increases from 6.28 mm to 6.41 mm.

The proposed PF-PHDF and sensor scheduling algorithms are implemented on
a Xilinx Virtex-5 FPGA platform. For the 4-processor architecture, the processing
time to process 100 data samples using 6,400 particles is shown to be 10 ms,
which makes real-time neural activity tracking feasible for EEG instrumentation
with sampling rates up to 10 kHz.

The rest of the paper is organized as follows. In Section 2, we present the
neural activity dipole model for the EEG/MEG inverse problem, and we review
the PF-PHDF in Section 3. In Section 4, we develop a new algorithm for jointly
estimating the unknown number of dipole sources and their parameters using PF-
PHDF. In Section 5, we develop a new sensor scheduling algorithm to reduce the
number of active sensors. Hardware implementations of the proposed algorithms
are provided in Section 6. We present numerical simulation results, together with
algorithmic and hardware performance results, in Section 7.

2 Neural Activity Dipole Source Model

The MEG/EEG source localization problem is based on the current dipole source
models as well as the assumption that the head consists of nested concentric
spheres of constant conductivity [5,15,17,18,24]. According to this model, the pri-

mary current Ik(r) =
∑Nd

j=1 mk,jδ(r− rk,j) at time k can be represented in terms

of Nd current dipoles where rk,j = [r
(x)
k,j r

(y)
k,j r

(z)
k,j ]

T and mk,j = [m
(x)
k,j m

(y)
k,j m

(z)
k,j ]

T

denote the three-dimensional (3-D) location and moment vectors, respectively, in
Cartesian coordinates, of the jth current dipole at time k, j=1, . . . , Nd, k=1, . . . ,K.

The moment of the jth dipole is given bymk,j =qk,j sk,j , where qk,j = [q
(x)
k,j q

(y)
k,j q

(z)
k,j ]

T

is the orientation vector and sk,j is the amplitude of the dipole. The measured
MEG/EEG signals acquired by M sensors can be represented as [24]

zk = h(xk) + nk = Ak sk + nk, (1)

where zk = [zk,1 zk,2 . . . zk,M ]T and nk = [nk,1 nk,2 . . . nk,M ]T are the M×1 signal
and measurement noise vectors, respectively. The source parameter state vector
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for Nd dipoles is xk = [xTk,1 xTk,2 . . . xTk,Nd
]T, where xk,j = [rTk,j qTk,j sk,j ]

T is the
7-D parameter vector consisting of the 3-D location rk,j , 3-D orientation qk,j ,
and 1-D amplitude sk,j of the jth dipole source at time k. We assume that the
dipole sources are mutually independent of each other and statistically independent
of the noise nk, and also that the noise components nk,m, m = 1, . . . ,M , are
mutually independent as in [24]. Also in Equation (1), sk = [sk,1 sk,2 . . . sk,Nd

]T

is the amplitude vector corresponding to Nd dipoles and Ak is the M ×Nd lead-
field matrix that depends on the jth dipole location rk,j and orientation qk,j .
Note that MEG/EEG systems have different lead-field matrices. Specifically, the
(m, j)th element ak,m,j , j = 1, . . . , Nd, m = 1, . . . ,M , of the lead-field matrix Ak

at time k of an EEG model is given by [25]

ak,m,j =
cos(θk,j)

4πσ

2
(
|rk,j | cos (γk,m,j)− h

)
d3k,m,j

+
1

dk,m,j |rk,j |
− 1

h |rk,j |


+
sin (θk,j) cos (βk,j) sin (γk,m,j)

4πσ

[
2h

d3k,m,j

+
dk,m,j + h

h dk,m,j (h− |rk,j |+ dk,m,j)

]
(2)

In the dipole source model of Equation (2), h is the radius of the head model,
dk,m,j is the distance between the jth dipole source and the mth sensor, γk,m,j is
the angle between the vector pointing to the mth sensor and the vector pointing
to the jth dipole location, θk,j is the angle between the jth dipole orientation and
the vector pointing to the jth dipole location, βk,j is the angle between the plane
formed by the jth dipole and the origin, and σ is the head tissue conductivity

constant. Also, |rk,j |=
[
(r

(x)
k,j )

2 + (r
(y)
k,j )

2 + (r
(z)
k,j )

2
]1/2

.

For an MEG system, the (m, j)th lead-field matrix element for the mth sensor,
with position rm and orientation qm, is given by [25]

ak,m,j =

[
µ0

4πg2(rk,j , rm)
rk,j ×

(
g(rk,j , rm)qm − fT(rk,j , rm)qm rm

)]T
qk,j ,

where (a × b) denotes the cross product between vectors a and b. The scalar
g(rk,j , rm) and the vector f(rk,j , rm) are defined

g(rk,j , rm) = dk,m,j

(
dk,m,j |rm|+ |rm|2 − rTk,jrm

)
,

f(rk,j , rm) =

(
d2k,m,j

|rm| + ηk,m,j + 2 dk,m,j + 2 |rm|

)
rm

−
(
dk,m,j + 2|rm|+ ηk,m,j

)
rk,j ,

where ηk,m,j =(rk,j − rm)Trm/dk,m,j and µ0 is the permitivity of free space.

The MEG/EEG inverse problem is to estimate the dynamic parameters, sk,j ,
rk,j and qk,j , of the Nd dipole sources at time k using the MEG/EEG signals zk
in Equation (1) up to time k.
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3 PHD Filter and Its Particle Implementation

3.1 Probability Hypothesis Density Filtering

The PHDF is an efficient approach for solving the multiple object tracking prob-
lem. It can be used to dynamically estimate the parameters or states of an un-
known number of objects based on noisy observations.The multiple dipole source
RFS probability hypothesis density or intensity function can be used to represent
the source first moment, which in turn can be used to characterize the multi-
ple dipole source posterior density. Thus, integrating the intensity function over
a given region R provides the expected number of objects present in region R.
Also, the locations of the peaks of the intensity function provide estimates of the
parameters of the objects in the region R [19].

In a multi-object tracking formulation, the state and measurement at time k are
modeled as RFS [19, 26] Xk = {xk,1, . . . ,xk,Nk

} and Zk = {zk,1, . . . , zk,Mk
}, where

xk,i is the state vector of the ith single object, Nk is the number of objects at time
k; zk,m is the mth measurement in (1) and Mk is the number of measurements at
time k. The PHDF can recursively approximate the intensity function of multiple
objects using prediction and updating steps [20]:

ζ(xk|Z1:k−1) = ζ(xnew
k |Z1:k) +

∫ [
Prk|k−1(x̃k−1) p(xk|x̃k−1) + ζ(xspn

k |Z1:k−1)
]
ζ (x̃k−1|Z1:k−1) dx̃k−1(3)

where xnew
k ∈ Xnew

k , xspn
k ∈ Xspn

k|k−1
, and Prk|k−1(xk−1) is the probability that a

dipole source that was present at time step (k−1) will still be present at time step
k. The posterior intensity is given by

ζ(xk|Z1:k) = (1− Pr detk (xk)) ζ(xk|Z1:k−1) +
∑

Zk∈Z1:k

Pr detk (xk) p(Zk|xk) ζ(xk|Z1:k−1)

ζ(Zclt
k ) +

∫
Pr detk (x̃k) p(Zk|x̃k) ζ(x̃k|Z1:k−1) dx̃k

(4)

where Pr detk (xk) is the probability of detecting a dipole source at time step k. As
the received multiple measurement RFS Zk can also include clutter, Zclt

k , due to
possible false alarms, ζ(Zclt

k ) is used to denote the clutter intensity; it is assumed
that the clutter RFS is independent of the dipole source measurement RFS and
that the dipole source measurement RFS elements are mutually independent.

3.2 PHDF Particle Filtering Implementation

The PHDF prediction and update equations in (3) and (4) involve multiple in-
tegrals that do not have computationally tractable closed form expressions, even
for the simple linear Gaussian dynamic case. One possible implementation of the
PHDF is using particle filtering [20]. Specifically, assuming that the intensity func-
tion ζ(xk−1|Z1:k−1) at time step (k − 1) can be approximated by a set of Np

particles x
(ℓ)
k−1 and their corresponding weights w

(ℓ)
k−1, ℓ=1, . . . , Np,

ζ(xk−1|Z1:k−1) =

Np∑
ℓ=1

w
(ℓ)
k−1δ(xk−1 − x

(ℓ)
k−1). (5)
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where δ(·) is the Dirac delta function, then substituting (5) into (3), we obtain

ζ(xk|Z1:k−1) = ζ(xnew
k |Z1:k) +

Np∑
ℓ=1

w
(ℓ)
k−1

[
Prk|k−1(x

(ℓ)
k−1) p(xk|x

(ℓ)
k−1) + ζ(xspn

k |Z1:k−1)
]
.(6)

A particle approximation of ζ(xk|Z1:k−1) can be obtained by applying impor-

tance sampling to each term in (6). Specifically, the samples x
(ℓ)
k , ℓ=1, . . . , Np,

are drawn from the importance density function qk(x
(ℓ)
k |x(ℓ)

k−1,Zk)= p(x
(ℓ)
k |x(ℓ)

k−1),

and the samples x
(ℓ)
k , ℓ=Np + 1, . . . , (Np + Nq) are drawn from the importance

intensity function ξk(x
(ℓ)
k |Zk)= ζ(xnew

k |Z1:k). Then, the prior intensity function

ζ(xk|Z1:k−1) can be approximated by particles x
(ℓ)
k and their weights w

(ℓ)
k|k−1

,

ℓ=1, 2, . . . , (Np +Nq) as

ζ(xk|Z1:k−1) =

Np+Nq∑
ℓ=1

w
(ℓ)
k|k−1

δ(xk − x
(ℓ)
k ) (7)

where

w
(ℓ)
k|k−1

=


w

(ℓ)
k−1

(
Prk|k−1(x

(ℓ)
k−1) +

ζ(xspn
k |Z1:k−1)

p(x
(ℓ)
k |x(ℓ)

k−1)

)
, ℓ = 1, . . . , Np

1/Nq , ℓ = Np + 1, . . . , (Np +Nq)

(8)

and Nq is the additional number of particles for the new dipole sources at time
step k.

Substituting (7) into (4), we obtain the particle approximation of the posterior
intensity function as

ζ(xk|Z1:k) =

Np+Nq∑
ℓ=1

w
(ℓ)
k δ(xk − x

(ℓ)
k ), (9)

where

w
(ℓ)
k = w

(ℓ)
k|k−1

1− Pr detk (x
(ℓ)
k ) +

∑
Zk∈Z1:k

Pr detk (x
(ℓ)
k ) p(Zk|x

(ℓ)
k )

ζ(Zclt
k ) + Ck(Zk)

 (10)

and

Ck(Zk) =

Np+Nq∑
ℓ=1

w
(ℓ)
k|k−1

Pr detk (x
(ℓ)
k ) p(Zk|x

(ℓ)
k ) .

Based on (3) and (4), a particle approximation of the posterior intensity
ζ(xk|Z1:k) can be obtained at time step k from its particle approximation at the
previous time step k − 1. Using this particle approximation, both the number of
sources in a given region and the sources’ parameters can be estimated. The PF-
PHDF method can solve the MEG/EEG inverse problem even when the number of
dipoles is unknown. It assumes that the mth measurement zk,m is generated from
a single-target or false alarm. However, as the MEG/EEG measurements zk in (1)
are due to contributions from multiple dipoles, we next consider an approach that
first decomposes the MEG/EEG data before estimating the unknown number of
dipoles using the PF-PHDF.
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4 Tracking Neural Activity Using PF-PHDF

The PF-PHDF is robust and computationally inexpensive compared to existing
multiple target tracking techniques and has been successfully used in radar and
sonar tracking problems [27, 28]. However, there are significant challenges in ap-
plying PF-PHDF to solve the EEG/MEG inverse problem. In radar and sonar
systems, each measurement is generated from a single-target or false alarm. But
in the EEG/MEG model described in Section 2, each sensor measurement is due
to the contributions of all the dipoles. Thus, the raw EEG/MEG data must be
decomposed initially before it can be applied to the PF-PHDF.

In this section, we propose an algorithm based on the PF-PHDF to estimate
both the number of neural dipoles and their parameters. First, we apply an effi-
cient pre-whitening technique to the raw EEG/MEG data to reduce the size of
the measurement matrix and simplify the computation. Next, we use a fast in-
dependent component analysis (ICA) algorithm to decompose the pre-whitened
data. Finally, we use the decomposed EEG/MEG data as input to the PF-PHDF
to estimate the number of dipoles and their parameters.

4.1 Efficient Pre-whitening Technique

The problem of decomposing the EEG/MEG measurement can be simplified by
performing a preliminary pre-whitening of the EEG/MEGmeasurement zk = [zk,1 zk,2 . . . zk,M ]T.
The observed EEG/MEG data is linearly transformed to a vector vk = Uzk =
UAksk, where U is a linear transformation matrix, whose elements are mutually
uncorrelated and with unit variance, E[vkv

T
k] = I [21]; here, I is the identity ma-

trix. An example of such a linear transformation can be obtained by eigenvalue
decomposition U = Λ−1/2φT, where Λ is a diagonal matrix whose elements are the
eigenvalues of E[ZZT] and the columns of φ are the corresponding eigenvectors. In
particular, assuming M EEG/MEG measurement sensors, the first step is to find
the eigenvalues of the M ×M covariance matrix Σcov = E[ZZT].

There are many algorithms to calculate eigenvectors from a covariance matrix,
but when the size M > 5, most of them cannot be easily mapped into an efficient
VLSI architecture. For EEG/MEG systems, the number of sensors is typically
between 30 and 150. In this case, the challenge is to find an efficient approach to
calculate the eigenvalues of a large matrix. In our previous work [1], we used a
channel decomposition method to solve this problem. The channels were divided
into several groups and ICA was applied to each group. The method resulted in
some amount of loss in tracking performance. In addition, in spite of the reduction
in computational cost, this step was still the bottleneck of our implementation.

In this paper we take a different approach, and assume that only a small
set of patches of the human brain are activated at a time [7, 10, 24]. Under this
assumption, the number of dipoles Nd is much smaller than the number of sensors
M , Nd << M . Thus, instead of calculating all the eigenvalues and eigenvectors,
we only need to find the leading eigenvalues and eigenvectors corresponding to the
Nd active dipoles. Here we use the eigenvector distilling algorithm [29] to find the
leading eigenvalues and eigenvectors. As the number of dipoles Nd is unknown, the
number of eigenvalues and eigenvectors to be distilled is unknown as well. We use
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an eigenvalue threshold Vthr to pick the number of eigenvalues to be computed.
The influence of this threshold on algorithm performance is analyzed in Section 7.

4.2 Measurement Decomposition

After the pre-processing of the raw data, a new data vector vk = Uzk = UAksk
with reduced dimensionality and noise power is obtained. Since distinct neural
sources are mutually independent [24], the ICA technique can be used to decom-
pose the pre-processed EEG/MEG data. The FastICA algorithm [21] identifies
independent components in data using a fixed-point iteration procedure. Using
FastICA, the estimated independent sources ŝk = [ŝk,1, ..., ŝk,J ]

T can be obtained
as ŝk = WTvk, where W = UAk is called the demixing matrix which can be
calculated using FastICA and J is the number of independent components. The
estimated mixing matrix Âk = [âTk,1...â

T
k,J ] can be obtained as Âk = U−1W, where

âk,j is the jth column of Âk. âk,j is then used to obtain ẑk,j , the EEG/MEG sig-
nal contributed by the jth individual source as ẑk,j = âk,j ŝk,j . Thus this method
can be used to decompose the mixed EEG/MEG measurement zk to a set of
unmixed measurement vectors ẑk = [ẑk,1, . . . , ẑk,J ] where each new measurement
ẑk,j corresponds to a single dipole or false alarm. These decomposed EEG/MEG
measurements are then used as the input of the PF-PHDF to find the number of
dipole sources and their states.

4.3 Multi-dipole Estimation Using PF-PHDF

In order to formulate the PHDF for the dipole source estimation problem, we
first need to describe an RFS model for the time evolution of the multiple dipole
source state and an RFS model for the measurements. Specifically, given the dipole
source state RFS Xk−1 at time step k − 1, the dipole source state RFS Xk is
formed by combining (a) dipole sources still present from the previous time step,
Xprev

k|k−1
, (b) dipole sources that are new at the present time step, Xnew

k , and (c)

dipole sources spawning from sources from the previous time step, Xspn
k|k−1

. The

new measurement RFS Ẑk = {ẑk,1 ẑk,2 . . . ẑk,J}T is the decomposed EEG/MEG
signal after preprocessing. The state-space model for a single dipole source is given
by

xk = xk−1 + νk, (11)

ẑk = h(xk) + ξk, (12)

where xk ∈ Xk and ẑk ∈ Ẑk. νk and ξk are the processing noise and measurement
noise, respectively. Then the steps of PF-PHDF for multiple dipole sources track-
ing problem can be represented as follows.

Algorithm PF-PHDF:

Step 1-Initialization: Draw particles x
(ℓ)
0 , ℓ = 1, ..., N0 from the initial inten-

sity ζ(x0|Ẑ0), where N0 = Nd0
× N , Nd0

is the initial number of dipoles and N

is the number of particles used for each dipole. Assign particle weights w
(ℓ)
0 =



Title Suppressed Due to Excessive Length 9

Nd0
/N0, ℓ = 1, ..., N0.

Step 2-Prediction: For existing dipole sources, sample x̃
(ℓ)
k , ℓ = 1, ..., Nk−1 from

a importance density qk(·|x
(ℓ)
k−1, Ẑk) and evaluate the predicted weights

w̃
(ℓ)
k|k−1

=

(
Prk|k−1(x

(ℓ)
k−1) p(x

(ℓ)
k |x(ℓ)

k−1)
)

qk(x
(ℓ)
k |x(ℓ)

k−1, Ẑk)
w

(ℓ)
k−1.

Here, we assume no dipole spawning. For convenience, we choose the importance

density qk(·|x
(ℓ)
k−1, Ẑk) to be the transition probability density p(·|x(ℓ)

k−1). As a result,

w̃
(ℓ)
k|k−1

= Prk|k−1(x
(ℓ)
k−1)w

(ℓ)
k−1. For the newborn dipole, sample x̃

(ℓ)
k , ℓ = Nk−1 +

1, ..., Nk−1+Next from another importance density κk(·|Ẑk). Compute the weights
for the newborn particles

w̃
(ℓ)
k|k−1

=
1

Next

ζ(x̃new
k |Ẑk)

κk(x̃
(ℓ)
k |Ẑk)

.

Here, we choose κk(·|Ẑk) equal to 1
aζ(x̃

new
k |Ẑk), thus w̃

(ℓ)
k|k−1

= a
Next

, where a is a
constant.

Step 3-Update: Set Rk = Nk−1 +Next and update the weights w̃
(ℓ)
k , ℓ = 1, ..., Rk

based on Equation (4) as

w̃
(ℓ)
k = [1− Pr detk (x

(ℓ)
k ) +

J∑
j=1

Pr detk (x
(ℓ)
k ) p(ẑk,j |x

(ℓ)
k )

ζ(zcltk ) + Ck(ẑk,j)
]w̃

(ℓ)
k|k−1

, (13)

Ck(ẑk,j) =

Rk∑
ℓ=1

Pr detk (x
(ℓ)
k ) p(ẑk,j |x

(ℓ)
k )w̃

(ℓ)
k|k−1

, (14)

where p(ẑk|xk) is the likelihood and Pr detk (xk) is the probability of state detection.
In this paper, we assume no clutter and set ζ(zcltk ) = 0.

Step 4-Resampling: Estimate the number of dipoles N̂dk
=
∑Rk

ℓ=1 w̃
(ℓ)
k and re-

sample {x̃(ℓ)k , w̃
(ℓ)
k }, ℓ = 1, ..., Rk to get {x(ℓ)k , w

(ℓ)
k }, ℓ = 1, ..., Nk, where Nk =

N · round(N̂dk
) and round(a) denotes the nearest integer to a. After resampling,

each of the new particles has weight N̂dk
/Nk.

Step 5-Estimation of the dipole state: Cluster the resampled particles and es-
timate the state parameters. The clustering is performed in a 3-dimensional space
using the k-means clustering algorithm.

In this algorithm, the number of particles changes over time and is propor-
tional to the number of dipoles, i.e., at time k, Nk ∝ N̂dk

. Unlike standard PF,
there is a summation among sub-measurements ẑk,j , j = 1, ..., J when updating
the weights in Step 3. These independent sub-measurements correspond to the
individual sources. After Step 3, the posterior intensity ζ(xk|Ẑk) at time k is ap-

proximated by a set of weighted particles {x̃(ℓ)k , w̃
(ℓ)
k }, ℓ = 1, ..., Rk which contains

all the available information about the dipoles. For example, the number of dipoles
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can be obtained by computing the integral of the posterior intensity, which is equal

to the summation of the weights
∑Rk

ℓ=1 w̃
(ℓ)
k and the estimate of dipole parameters

can be found from the peaks of the intensity. In the resampling step, the new

weights w
(ℓ)
k are not normalized to 1, but sum to N̂dk

, the estimated number of
dipoles.

4.4 Window Processing

Most of the existing processing methods process EEG/MEG data off-line after all
the data has been collected [30]. In order to process the data on-line, we window
the EEG/MEG data, and apply the proposed algorithm to the data in each window
as shown in Figure 2. In the first step, we acquire the EEG/MEG data in window
1 and store the data in memory. Then, while obtaining data in window 2, we
pre-whiten and run FastICA on the data from window 1.

The window length Lw is an important parameter because the processing time
and tracking accuracy both depend on Lw. If Lw is small, the computations take
less time. However, the data in a short window is not able to statistically represent
the neural activity, and as a result, the estimation error is larger as shown later in
Table 3. In addition, in this scheme, the window length has to be larger than the
execution time for pre-whitening and FastICA as shown in Figure 2.

W

Pre-whitening

FastICA

PHD-PF for W1

W

Pre-whitening

FastICA

PHD-PF for W2

MEG/EEG data 

Window1 Window2

Fig. 2 Window processing of EEG/MEG data.

5 Sensor scheduling

In this section, we propose a sensor scheduling algorithm that enables optimum
use of sensor resources for neural activity tracking. Such a method can lead to
good tracking performance with fewer number of active sensors. Since the power
consumption of each EEG sensor is about 10 mW [31, 32], sensor scheduling can
reduce the total power consumption, making wearable EEG devices common place.
Sensor scheduling is a closed-loop feedback optimization procedure that allows
adaptive selection of the sensors to be used for obtaining measurements at each
time-step in order to optimize the cost function of interest. Here we consider two
cost functions: (a) the predicted mean-squared error (PMSE) in estimation (which
is to be minimized), and (b) the signal-to-noise ratio (SNR) of the measurements
(which is to be maximized), and optimize them with respect to different sensor
configurations.
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5.1 Sensor scheduling based on minimization of PMSE

Minimum the PMSE has been used as a cost function for sensor scheduling [33,34].
The PMSE in dipole state estimation at time k can be written as

J P (yk) = Exk,zk [(xk − x̂k)(xk − x̂k)
T]

=

∫∫
(xk − x̂k)(xk − x̂k)

T p(zk|xk,yk)p(xk|zk−1,yk−1)dxkdzk, (15)

where xk denotes the dipole state at time k and yk is the sensor configuration
at time k. Here, we consider the sensor configuration problem with M sensors.
The sensor configuration vector yk = [yk,1 yk,2 . . . yk,M ]T is comprised of binary
values yk,m ∈ {0, 1}, with yk,m = 1 indicating that the mth sensor is selected and
yk,m = 0 indicating that the mth sensor is not selected. The measurement zk is
related to yk and zk(yk) = zk,M, where M = {m : yk,m = 1}. x̂k is the estimate of
xk at time k computed using the measurement zk. Using Monte Carlo integration,
J P (yk) can be approximated as

J P (yk) ≈
Nk∑
ℓ=1

w
(ℓ)
k

1

J

J∑
j=1

(x
(ℓ)
k − x̂k(z

(j,ℓ)
k ))(x

(ℓ)
k − x̂k(z

(j,ℓ)
k ))T , (16)

where x
(ℓ)
k and w

(ℓ)
k , ℓ = 1, . . . , Nk, are the particles and weights in the PF represen-

tation of the predicted state distribution p(xk|zk−1,yk−1), z
(j,ℓ)
k ∼ p(zk|x

(ℓ)
k ,yk),

j = 1, . . . , J , are Independent and identically distributed samples drawn from

the measurement model, and x̂k(z
(j,ℓ)
k ) is the estimate of xk computed using the

predicted measurement z
(j,ℓ)
k with a secondary PF. The approximation error is

small for large Nk and J . The PMSE J P (yk) can now be optimized by searching
through all sensor configurations. We impose a constraint to limit the total power
consumption to P as shown below

M∑
m=1

yk,mCm ≤ P, (17)

where Cm is the power consumption of the mth sensor. A block diagram of the
dipole state estimation and sensor scheduling method is shown in Figure 3. The
key steps of the sensor scheduling algorithm, performed at each time k, are as
follows:

1. State prediction: Compute the distribution p(xk|zk−1,yk−1) of the predicted
state at time k by propagating the PF-PHDF posterior distribution p(xk−1|zk−1,yk−1)
at time k − 1 using the state evolution model p(xk|xk−1).

2. Measurement sampling: For each particle x
(ℓ)
k and sensor configuration yk,

draw predicted measurements z
(j,ℓ)
k from the measurement distribution p(zk|x

(ℓ)
k ,yk).

3. Inner estimation: For each measurement z
(j,ℓ)
k , estimate the state x̂k(z

(j,ℓ)
k )

using a secondary PF.
4. Error calculation: Calculate the PMSE J P (yk) using the approximation in

Equation (16).
5. Optimization: Find the optimum sensor configuration y∗

k which minimizes the
PMSE under the power constraint in Equation (17).
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Fig. 3 Block diagram of the state estimation and sensor optimization method.

The scheduled sensor configuration y∗
k is then used to obtain the measurement

zk(y
∗
k) at time k and estimate the state x̂k using the PF-PHDF algorithm.

For M sensors, there can be R = 2M possible sensor configurations, making
the optimization problem very difficult to solve directly unless M is small (e.g.
M = 10). For large M , the current best methods for solving such problems include
branch and bound methods [35] (which provide global optima at the expense of
computational cost) or other convex relaxation based techniques [36] (which are
fast but only provide approximate solutions). Even so, sensor scheduling based on
the direct computation and optimization of the PMSE remains computationally
demanding and not suitable for real-time implementation.

5.2 Sensor scheduling with Maximum SNR

We now describe a sensor scheduling algorithm that relies on maximization of
the signal-to-noise ratio (SNR) of the measured sensor data. This approach can
potentially lead to significant reduction in the number of required sensors for
accurate tracking performance, with a computational complexity that is much
lower than the minimum PMSE based sensor scheduling method discussed earlier.

The proposed method is as follows. Suppose that at some time step k the
parameters of the dipole sources (rk,qk, sk) are given. From Equations (1) and (2),
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the SNR of the measurement from the mth sensor can be represented by

SNRk,m =
(Ak,m sk)

2

σ2n
=

(
∑Nd

j=1 ak,m,j sk,j)
2

σ2n
∝ (

Nd∑
j=1

ak,m,j sk,j)
2, (18)

where Ak,m is the mth row of the gain matrix, σ2n is the variance of the measure-
ment noise and Nd is the number of dipole sources. After ICA, the measurement
is decomposed to independent components and each component corresponds to an
individual dipole source. The SNR of the mth sensor for the jth dipole source can
thus be assumed to depend on

SNRk,m,j ∝ (ak,m,j sk,j)
2, (19)

where ak,m,j is a function of the distance dk,m,j between the mth sensor and jth
dipole source. Figure 4 shows the relationship between |ak,m,j | and dk,m,j . From
Figure 4 we can see that as dk,m,j increases |ak,m,j | decreases and so does the
corresponding SNR. Since the MSE is expected to be decrease with increasing SNR
measurements, using sensors with smaller dk,m,j can provide better neural tracking
performance. The sensors are therefore scheduled by adaptively selecting the ones
with smallest dk,m,j to form the final sensor configuration used for obtaining the
measurements. The steps of the sensor scheduling method, performed at each time
k, are as follows:

1. State prediction: Calculate the predicted state of the dipole source x̃k at time

k using the particles x
(ℓ)
k−1 and weights w

(ℓ)
k−1 at time k − 1 based on the state

model

x̃k =

Nk∑
ℓ=1

pxk−1|xk
(x

(ℓ)
k−1)w

(ℓ)
k−1,

where Nk is the number of particles and pxk−1|xk
(·) is the state updating equa-

tion. Extract the predicted dipole location r̃k from x̃k.
2. Distance calculation: For each sensor, calculate the distance between the

sensor location rm and the predicted dipole source location r̃k as

d̃k,m = |rm − r̃k|, m = 1, . . . ,M,

where | · | denotes Euclidean distance.
3. Optimization: Sort the sensors in increasing order of d̃k,m. Choose the first

Ns sensors to estimate the dipole states, where Ns is the number of sensors to
be used depending on power constraint in Equation 17.

As before, the scheduled sensor configuration y∗
k is then used to obtain the mea-

surement zk(y
∗
k) at time k and estimate the state x̂k using the PF-PHDF algo-

rithm.

6 Hardware Implementation

In this section, we propose efficient hardware architectures for the PF-PHDF and
sensor scheduling algorithm described in Section 4.3 and Section 5.2, respectively.
Pre-whitening and FastICA in Section 4 can be implemented using the architecture
in [29,37] and are not described here.
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Fig. 4 Amplitude of the EEG sensor signal as a function of the distance between the sensor
and dipole source.

6.1 Architecture for PF-PHDF

The proposed PF-PHDF algorithm described in Section 4.3 is mapped onto the
parallel architecture shown in Figure 5. It consists of η processing elements (PE)
and one central unit (CU) connected by a global bus. Local processing steps, such
as initialization (Step 1), prediction (Step 2) and part of updating (Step 3) are
conducted in each PE. Global processing steps, such as computing normalization
factors Ck, estimating the number of dipoles (Step 3), resampling (Step 4) and
clustering (Step 5), are executed in the CU. Each PE communicates with the CU,
but there is no communication among PEs.

The operation flow for then PF-PHDF is shown in Figure 6. Each PE processes
Rk/η particles, where Nk is the number of particles at time step k. In each PE,

first, the particles x
(ℓ)
k−1 are processed at the prediction unit to generate the pre-

dicted particles x̃
(ℓ)
k and the predicted weights w̃

(ℓ)
k|k−1

based on Step 2. Next, the

likelihoods p(ẑk,j |x
(ℓ)
k ) are calculated for each individual measurement and par-

ticle. Since the calculations of p(ẑk,j |x
(ℓ)
k ) for different individual measurements

are independent, they are processed in parallel. Then, the ith PE sums up the

likelihoods for all the particles ψi(ẑk,j) =
∑

ℓ p(ẑk,j |x
(ℓ)
k ) and transmits ψi(ẑk,j) to

the CU. After obtaining {ψi(ẑk,j)}
η
i=1, the CU calculates the normalization factor,

Ck(ẑk,j) =
∑

i ψi(ẑk,j), and sends it back to each PE. Next, each PE computes

the final weights w̃
(ℓ)
k based on Equation (13).

Since the resampling step is operated in the central unit, the weights of all the
particles have to be transferred from the PEs to the central unit, which results
in a large communication overhead. In order to reduce this overhead, we employ
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Fig. 5 Block diagram of parallel PF-PHDF architecture with four processing elements.

the grouping method in [38] and add the group-and-mean unit in each PE. The

main idea is as follows. The particles x̃
(ℓ)
k , and their corresponding weights w̃

(ℓ)
k ,

are divided into G groups based on the range of the particles. The averages of each

group, x
(g)
k,mean, g = 1, . . . , G, are used as the new particles, and only the average

weights w
(g)
k,mean, g = 1, . . . , G, are transmitted to the central unit to be used

as input to the resampling step. These particles are stored in the mean particle
memory (MPMEM) for future use. Before the resampling step, we estimate the

number of dipole sources by summing the final weights, N̂dk
=
∑

ℓ ŵ
(ℓ)
k . During

the resampling step, the replication index ρ is calculated at the central unit based
on the average weights. After the resampling step, the group averaged particles are
read from MPMEM and sent to the prediction unit for computations in the next
iteration. These particles are also sent to the clustering unit to estimate the dipole
parameters. This procedure significantly reduces the communication between the
PEs and the central unit.

The hardware resource for each block in Figure 6 is shown in Table 1. Note
that the likelihood computation unit uses the largest number of resources.

Table 1 Hardware operators for each block in Figure 6.

Unit Block + × ÷ √
exp

Prediction 6 0 0 0 0
Processing element Likelihood 88 93 1 2 1

Group mean 52 0 1 0 0
Final weight 6 1 1 0 0

Global 6 0 0 0 0
Central unit Normal 9 0 0 0 0

Resampling 2 3 1 0 0
Clustering 6 3 1 1 0
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6.2 Architecture for Sensor Scheduling

The overall block diagram of the hardware architecture for sensor scheduling is
shown in Figure 7. At each time step k, we use the PF-PHDF to obtain the pre-
dicted dipole location r̃k, and feed r̃k as input to the sensor scheduling unit. First,
the square of the predicted distance d̃2k,m is calculated using three subtractors,
three multipliers and two adders. Next, the sensors are sorted based on the pre-
dicted distance d̃2k,m in the SORT unit. After sorting, the top n sensors are picked
as the optimized sensor configuration for the next time step. Since we only need
to find n sensors with the smallest d̃2k,m, we maintain a sorted list of n elements
and use the insertion-deletion sort algorithm [39] to update the list.

The architecture of the SORT unit is shown in Figure 8. It consists of n proces-
sors, one adder tree that adds n 1-bit numbers and one rank register. All processors
consist of one data register to store the distance value, one comparator to com-
pare with the new distance and one rank register to store the parameter used to
calculate the rank of new distance. The rank of the new distance is calculated by
the adder tree and stored in the new rank register.

7 Simulation and FPGA Implementation Results

We now demonstrate the tracking performance of the proposed algorithm using
synthetic EEG data sets and present FPGA implementation results.

7.1 Neural Activity Tracking Results

7.1.1 Simulation Setup

In order to demonstrate the tracking performance of the proposed algorithm, we
use the synthetic data from a previous study in [11] with three dipoles located
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at V 1 (1.11, -5.34, 4.98), V 5R (4.36, -3.68, 4.44) and V 5L (-3.37, -4.85, 4.81)
in an example where the brain volume hemisphere has a radius of 10 cm. The
measurement noise is Gaussian with zero mean and standard deviation σ = 10−5.
For this simulation, we used uniformly distributed particles for each dipole. For a
three dipole system, the maximum number of particles is 3N+Next = 6, 400, which
is much less than the 100, 000 particles used in [11]. The dipole state transition
model in Equation (11) is a random walk model with Gaussian transition kernel,
p(rk|rk−1) = N (rk−1, σr) and p(dk|dk−1) = N (dk−1, σd), with σr=1 cm and σd=2
nA. Each existing dipole has a probability of survival Prk|k−1(xk−1)=0.8 and a

probability of detection Prdetk (xk)=0.95.
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7.1.2 Parameter Selection

The eigenvalue threshold Vthr described in Section 4.1 and window length Lw

described in Section 4.4 are crucial parameters as they greatly impact the esti-
mation results. Table 2 and Table 3 show the reconstruction RMSE with respect
to different Vthr and Lw, respectively. The reconstruction RMSE is defined as the
difference of estimated individual EEG data ẑk,j and the true EEG data zk,j .

RMSErec
j =

√√√√ 1

K

K∑
k=1

1

M
(zk,j − ẑk,j)T(zk,j − ẑk,j),

where K is the number of time steps and M is the number of sensors. From
Table 2, we can see that as the threshold value decreases, the RMSE increases
and that there is a significant RMSE degradation when the threshold is smaller
than 150. In addition, with thresholds smaller than 100, we can hardly distinguish
dipole signals with noise which causes the FastICA algorithm to fail. Based on
these results, we choose the eigenvalue threshold Vthr as 500 shown in Figure 9.
From Table 3 we can see that if the window length is too long (much longer than
the duration of dipole), the independent component analysis cannot capture the
changing information of the dipole. As a result, the reconstruction error is large.
If the window length is too small, the samples in the window cannot statistically
represent the whole data, which also leads to larger reconstruction error. Based on
these results, we choose a window length Lw = 100 samples with sampling rate 1
kHz.

Table 2 RMSE of reconstructed EEG data for different threshold values.

Threshold 500 150 130 100 50
Dipole1 2.68 µV 2.91 µV 4.97 µV 7.45 µV NaN
Dipole2 2.67 µV 2.87 µV 5.08 µV 8.35 µV NaN
Dipole3 2.53 µV 2.79 µV 4.16 µV 7.95 µV NaN

Table 3 RMSE of reconstructed EEG data for different window lengths.

Window length 50 100 250 500
Dipole1 2.78 µV 2.16 µV 2.33 µV 4.22 µV
Dipole2 2.68 µV 2.21 µV 2.42 µV 4.51 µV
Dipole3 2.60 µV 2.13 µV 2.44 µV 4.13 µV

7.1.3 Simulation results for sensor scheduling

The number of sensors used Ns after sensor scheduling impacts the power con-
sumption of the EEG system and the tracking performance of the proposed algo-
rithm. Table 4 shows the position tracking result in terms of RMSE with respect
to Ns. As expected, use of fewer sensors result in higher RMSE but lower sensor
power consumption. Thus, Ns should be chosen based on the power constraint
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Fig. 9 Eigenvalues of EEG covariance matrix for synthetic data and the threshold selection.

or the RMSE constraint depending on the application. Since the most important
bottleneck of wearable EEG instruments is the battery size [22,23], here Ns is cho-
sen based on the power constraint. In this paper, the power consumption of each
wireless EEG sensor is set as Cm = 10mV [31, 32] and the total power constraint
is set as P = 150 mW . Based on Equation (17), Ns is chosen to be 15.

Table 4 Position RMSE for different number of sensors Ns.

Number of sensors 6 9 15 24 32
RMSE 9.98 mm 6.95 mm 6.41 mm 6.33 mm 6.28 mm

7.1.4 Estimation results with sensor scheduling

In this section, we show the estimation results for synthetic EEG data. Here we
choose the eigenvalue selection threshold as 500 and the window length Lw = 100.
We use 2,000 particles for each existing dipole and 400 particles for the newborn
dipole. The tracking result for the amplitudes of three dipoles are shown in Fig-
ure 10. The RMSE for the dipole current amplitude is 1.83 nA. Figure 11 shows
the estimation results for the 3-D location of the three dipoles; the position RMSE
is 6.41 mm.

We compare the performance of the proposed tracking algorithm with the
results in [8,11,17] and the comparison is shown in Table 5. From Table 5, we can
see that the proposed PF-PHDF algorithm has comparable tracking performance,
with significantly reduced number of particles (only 6,400 compared to 100,000
in [19]). Furthermore, with sensor scheduling technique, the number of sensors
is reduced from 32 to 15, which means about 50% reduction in sensor power
consumption.



20 Lifeng Miao et al.

0 50 100 150 200 250 300 350 400 450 500
−40

−20

0

20

40

0 50 100 150 200 250 300 350 400 450 500
−40

−20

0

20

40

0 50 100 150 200 250 300 350 400 450 500
−40

−20

0

20

40

Time steps

A
m

pl
itu

de
(n

A
)

 

 

Estimate
True

Fig. 10 Amplitude estimation results for the three dipoles in the synthetic data using the
PF-PHDF algorithm with sensor scheduling.
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Fig. 11 Estimated 3-D locations of dipoles for synthetic EEG data.

7.2 Hardware Implementation Evaluation

The proposed hardware architecture is implemented using Verilog HDL and syn-
thesized on the Xilinx Virtex-5 device. The design is verified using Modelsim.
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Table 5 Comparison of neural activity tracking for synthetic data.

Approach Number of
particles

Number of
dipoles

Knowledge of
dipole number

RMSE of
location

PF [17] 100,000 4 Known 5.4 mm
RB-PF [8] 50,000 2 Known 6.3 mm
D-PF [11] 100,000 3 Unknown 6.2 mm
PF-PHDF (with SS) 6,400 3 Unknown 6.4 mm

Resource Utilization: Table 6 summarizes the architecture resource utilization for
the 4 PE parallel architecture for the PF-PHDF and sensor scheduling (SS). Since
the total number of particles is 6,400, each PE processes 1,600 particles. For the
likelihood calculation in the updating step, the exponential functions are imple-
mented using CORDIC units, and the rest of the units are implemented using
DSP cores.

Table 6 Resource utilization for PF-PHDF on Xilinx XC5VSX240k

Unit Occupied
slices

Slice
Reg.

Slice
LUTs

Block
Ram

DSP48Es

PF-PHDF 14,291
(39%)

43,637
(30%)

42,383
(29%)

134
(26%)

283
(27%)

SS 623
(1%)

1,714
(1%)

1,792
(1%)

3
(1%)

9
(1%)

Execution Time: Figure 12 shows the timing performance for one iteration of
the proposed PF-PHDF and SS; the actual number of cycles is given in Ta-
ble 7. Since some of the computations can be overlapped, the PF-PHDF takes
NPF-PHDF=(Ns+Ng +Ngm+Nc)=9,150 cycles. We choose a system clock rate of
100 MHz and so the processing time for one iteration of is TPF-PHDF = NPF-PHDF×
Tclk = 91.5 µs. Based on the pre-whitening and FastICA implementation in [29,37],
the execution time of preprocessing step for 32 sensors is about 265 µs and for
15 sensors is about 66 µs. Thus, for a window with 100 samples, the total pro-
cessing time without sensor scheduling is TnoSS = 265 + 91.5 × 100 = 9, 415 µs.
Now for a system with sensor scheduling, the total time for one iteration is
NPF-PHDF + Nd + Nsort = 96, 00 cycles which translates to 96 µs for 100 MHz
clock rate. Thus, the total processing time with sensor scheduling is TwithSS =
66 + 96× 100 = 9, 666 µs.

Table 7 Execution cycles for each block in Figure 12

Unit Ns Nl Ng Nn Nw Ngm Nk Nr Nc Nd Nsort

Cycles 1608 1654 5 4 1636 1664 4 53 5873 111 338
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7.3 Scalability

For the proposed tracking system, the number of particles used for each dipole N
is a critical parameter as it impacts the estimation accuracy and processing time.
Figure 13 shows the tracking performance in terms of RMSE for dipole location
and the processing time for PF-PHDF as a function of N . Here we choose the
number of PE η = 4. From Figure 13, we can see that as N increases, the RMSE
decreases and the processing time increases. However, when N is greater than
2000, there is no significant improvement in the RMSE but the processing time
increases rapidly. A good tradeoff between RMSE and processing time is obtained
at N = 2000.
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Fig. 13 RSME for location and processing time for PF-PHDF as a function of N .

In this paper, the maximum number of dipoles is small (less than 5). From
the FPGA timing results, we project that if the maximum number of dipoles is 3,
the proposed system can perform real-time processing at sampling rates of up to
10 kHz for window length Lw = 100 samples. However, for epilepsy patients, the
number of dipoles during seizure can be greater than 10 [40]. Figure 14 shows the
timing performance of the proposed system with respect to the maximum num-
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ber of dipoles for 2000 particles per dipole and η = 4. From Figure 14, we can
see that as the maximum number of dipoles increases, the processing time for a
window grows, as expected. Even when the number of dipoles is as large as 15,
our system can still support real-time tracking with sampling rate of about 2 kHz.
Furthermore, from Figure 14 (a), we can see that the processing time of PF-PHDF
with sensor scheduling is slightly increased compared to PF-PHDF without sensor
scheduling. However, the number of sensors used with sensor scheduling is signifi-
cantly reduced (from 32 to 15), which means that the sensor power consumption
is about two times lower.
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Fig. 14 Scalability of the proposed system with respect to maximum number of dipoles: Effect
on (a) processing time for PF-PHDF with and without SS and (b) maximum sampling rate
for real-time processing.

8 Conclusion

In this paper, we described the application of PF-PHDF for tracking an unknown
number of neural dipole sources using EEG/MEG measurements and proposed an
efficient sensor scheduling algorithm that significantly reduces the number of active
sensors required. We demonstrated the improved performance of the proposed
algorithm using numerical simulations on synthetic EEG data. The position RMSE
of the proposed algorithm is 6.4 mm (vs. 6.3 mm) for tracking an unknown number
of dipole sources, using significantly fewer number of particles (6,400 particles
instead of 100,000 particles) and half the number of sensors (15 out of 32 sensors).
The proposed algorithm was implemented on the Xilinx Virtex-5 FPGA platform.
The processing time for a window with 100 samples using 6,400 particles was
shown to be ∼10 ms and thus this method can support real-time EEG processing
with sampling rates of up to 10 kHz.
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