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Abstract—Tracking myriad (thousands of) interacting dust
particle targets in a complex (dusty) plasma is considered.
Multiple extended-Kalman-filter-based trackers were deployed
on target subsets of various sizes, with track data fusion per-
formed offline. Filter-based tracking was more accurate than
particle tracking velocimetry, particularly for estimates of target
velocity. A low level of target loss (∼ 1%) was directly related
to measurement loss, with a small contribution from duplicate
tracks (tracker overlap). Measurement loss was caused by target
maneuvers — the formation of an externally-induced shock wave.

Keywords: nonlinear filtering, tracking, Kalman filter,
estimation, algorithms, data association.

I. INTRODUCTION

Microscopic charged particles/dust suspended in an ionized
gas constitutes a complex (dusty) plasma. When confined to
two dimensions and illuminated by a laser, the monolayer
of dust can be observed from above by a digital camera.
Such a setup is used to investigate monolayer dusty plasma
physics [1]–[10]. The dust is observable at the single-particle
level. A dusty plasma is therefore useful for imitating the
kinematics of microscopic processes, such as phase transitions,
for investigation at the molecular level.

A monolayer dusty plasma presents a challenging multi-
target, dynamic-state estimation problem. High-precision es-
timation of the dust kinematics is desirable. One approach
for improving the precision involves using resource-intensive
image processing techniques [11]. This is useful in particle
tracking velocimetry (PTV), which estimates target veloc-
ity from consecutive position measurements. An alternative
approach is to use a less resource-intensive measurement
technique, combined with a predictive dynamical model, as
in the Kalman filter [12], [13]. The other main challenge for
tracking dust particles in a monolayer is the sheer number of
targets. For more than 1000 targets, we refer to multi-target
tracking as myriad-target tracking.

In this work we develop and implement a multi-target
tracking algorithm based on the extended Kalman filter (EKF).
The algorithm is used by multiple independent trackers, each
deployed on a small subset of thousands of targets in a
simulated dusty plasma monolayer. This partitioning of the
two-dimensional, myriad-target tracking problem was neces-
sitated by the computer resource limitations associated with
storing and manipulating large matrices. We show that the
EKF-tracked states are considerably more accurate than states
obtained from PTV.

II. BACKGROUND

A. Target dynamics

The targets to be tracked are microscopic dust particles
(9µm in diameter) confined in a plane. We have simulated such
a monolayer consisting of N = 3000 interacting particles. The
interaction of charged dust within a plasma can be described
by a potential of the Yukawa/Debye-Hückel form [14]. This is
a screened, Coulomb interaction which results in the following
repulsive force between two particles, labelled ı and :

~Fı,(~rı,) ∝ exp (−r̃)
(

1
r̃2

+
1
r̃

)
r̂ı,. (1)

Here r̃ is the (dimensionless) separation between particles
ı and , in units of the screening distance λD = 1mm
(the so-called Debye length). The total force on particle 
at position ~x, denoted ~F (~x), is the sum over all two-
particle Yukawa forces in equation (1), plus the force due to
confining potentials. In our simulation the particle dynamics
are generated from the total force by integrating the equations
of motion arising from Newton’s second law. The steady-state
of a dusty plasma monolayer is a dust crystal which self-
arranges into an imperfect hexagonal lattice [1], [10]. This
is the initial condition for our work. We perturb the steady-
state dust crystal by inducing an acoustic shock wave through
the monolayer using an ephemeral external force, as in [10].
Figure 1 shows three snapshots of the one-second-duration
simulation: at t = 0.1s, t = 0.25s and t = 0.55s. The
formation of the shock wave occurs for t < 0.3s.

Our knowledge of the equations governing the particle
dynamics is used to assist in the tracking. This is the topic
of the following section.

B. Tracking

Tracking is recursive estimation of a dynamic state. In this
work, we track the two-dimensional position, velocity and
acceleration of each dust particle target. Each step of the
recursive state estimation for tracking multiple targets starts
with a noisy measurement of the target positions, which is
achieved here by processing an image of the dusty plasma,
such as those in Figure 1. The next step is track management,
also known as track maintenance. This is where existing target
tracks are either associated to a measurement, or terminated;
and new tracks are initiated, as appropriate. Although not a
tracking technique per se, particle tracking velocimetry (PTV)
is a technique that combines position measurements and track
management. It is widely used in the dusty plasma community.
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(a) t = 0.1s

(b) t = 0.25s

(c) t = 0.55s

Figure 1. Snapshots of a simulated dusty plasma monolayer at (a) t = 0.1s,
(b) t = 0.25s, and (c) t = 0.55s. The shock-wave formation is apparent.
Images were enhanced for presentation purposes.

In PTV, velocities are calculated from consecutive position
measurements. Our knowledge of the target dynamics enables
us to extend beyond PTV. This is achieved by adding a
Bayesian inference step (a filter) to the tracking procedure:
state estimation via an EKF, where the measurements are
weighted with predictions of the target states. The EKF
predictions are based on numerical integration of piecewise-
linearized versions of the (nonlinear) differential equations
arising from equation (1) (and the confinement potential).
Precise quantitative knowledge of the physical process is
not required for an EKF to operate, but at least qualitative
knowledge is desirable. If the filter prediction/process model
diverges too far from the true target dynamics, then filter
mismatch issues arise [12]. Here we have precise knowledge
of the target dynamics, but our EKF does not include a
description of the shock-wave-inducing force. Deviations from
the process model are referred to as target maneuvers. Details
of the EKF are given in section II-E.

C. Myriad target tracking

Due to the exponential increase in computational resource
requirements, EKF-based (i.e., Bayesian) multi-target tracking
is intractable for very large numbers of targets N [15]. When
tracking myriad targets using EKF-based algorithms, multiple
trackers must therefore be deployed on subsets of targets,
with the number of targets per tracker NT � N . Here we
have used trackers on single targets and on localized clusters
of NT = 6 targets. Other values of NT did not produce
significant variation in the results presented here, and so were
omitted. Figure 2 shows the initial positions for the N = 3000
targets, partitioned into 500 trackers. The clusters were formed
pseudo-randomly by starting with the left-most unassigned
target and finding its five nearest unassigned neighbors to
complete a target cluster.

Instead of propagating the multi-target posterior probability
distribution as in the Bayesian framework, the first moment of
this distribution can be propagated. This is used by probability
hypothesis density (PHD) filters [16], which are based on
random finite set theory [17]. This approach is useful for
multi-target tracking problems involving many false alarms,
known as clutter (for example, see [18]), or where the form of
target maneuvers are unknown and/or numerous. In contrast to
that scenario, here we have very few false alarms and only a
small number of possible maneuvers. Our chosen approach of
partitioning the myriad targets and using multiple EKF-based
trackers has unavoidable drawbacks relating to data fusion
and track maintenance. These are discussed in the following
section.

D. Data fusion and track maintenance

Partitioning a myriad-target tracking problem as we have
done here has a drawback relating to the offline fusion of
track data. The drawback stems from the fact that there is no
online communication between the trackers, i.e., this is not
a parallel algorithm. As a result, there is a possibility that
multiple trackers will track the same target, unbeknownst to
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Figure 2. Initial positions of the myriad (N = 3000) targets. Connected
lines show the partition with NT = 6 targets per tracker.

one another. We refer to this as tracker overlap. Consequently,
the offline data fusion of all target tracks involves deletion of
duplicate tracks, when they exist. This amounts to target loss.

Track maintenance is the online data fusion process of
measurement-to-track association, plus a strategy for handling
measurement loss (missed detections). In myriad-target track-
ing, the data association step potentially requires manipulation
of (very large) N ×N matrices. However, our subset trackers
have no more than NT = 6 elements. We simplify matters
further by using a measurement “gate” to include only mea-
surements within a certain proximity of the targets. Here we
have used rgate = 5λD in each direction, as shown in Figure 3,
which is five times the screening distance. At this separation,
the exponential screening has reduced two-particle interactions
to a negligible level. This measurement gate reduces the
measurement-track association matrices from having ∼ N2

elements to having ∼ (3NT)2 elements. The measurement
gate could depend on the uncertainty in the estimate and/or
the measurement noise, but these are much smaller than rgate,
and so our fixed gate suffices. The measurement gate is
also beneficial for the EKF prediction step by significantly
reducing the number of two-particle force calculations, as in
equation (1). Due to the decaying exponential coefficient in
equation (1), the accuracy of the Yukawa force calculation
is not affected. After gating the measurements, we perform
measurement-track association for each subset tracker. Our
images lack clutter and so we use the global nearest-neighbor
filter for this purpose (see [19], for example). More advanced
data association techniques might be required in the presence
of clutter. For example, a joint probabilistic data association
filter or a multiple hypothesis tracker could be used.

Track maintenance also involves handling missed detections
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Figure 3. Measurement gate. Shown are the NT = 6 tracked particles for
tracker number 20 (black dots), all N = 3000 measurements (blue crosses)
and the measurements located within rgate of the targets in either direction
(red circles).

(measurement loss) and false alarms. In multi-target track-
ing, this is a nontrivial exercise. The strategy used here for
handling measurement loss in an EKF tracker is to ignore
the missed detections by setting the innovation to zero —
see section II-E. The cutoff values for identifying missed
detections and false alarms are essentially free parameters,
but guidance is available for missed detections. In dusty
plasma experiments similar to our simulation [5], [7], the
measurements are extracted by processing 1024× 1024-pixel
TIFF images, such as those in Figure 1. The apparent width of
a particle/target is between one and three pixels, which results
in sub-pixel measurement precision. This suggests a cutoff
value of 1 pixel for determining missed detections, which is
the value used in this work. The false alarm cutoff is a free
parameter which we chose to be 2 pixels. Any measurements
that fall between these cutoff values are designated as potential
new tracks, but new track initiation was not considered here.

E. Extended Kalman filter

We track the two-dimensional position, velocity and ac-
celeration of the targets. The estimated state of each target
at each point in time k = 0, 1, 2, . . ., given the information
available to that point, is contained in a six-element column
vector: x̂(k|k) = (qx, vx, ax, qy, vy, ay)T . Each step of the
recursive state estimation via a first-order EKF commences
after receiving the position measurement z(k + 1). The state
is predicted forward in time using a discretization of the gov-
erning dynamical process equations discussed in section II-A:
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x̂(k + 1|k) = f(x̂(k|k))

≡



qx + vx∆t + ax(k + 1|k)∆2
t/2

vx + ax(k + 1|k)∆t

ax(k + 1|k)

qy + vy∆t + ay(k + 1|k)∆2
t/2

vy + ay(k + 1|k)∆t

ay(k + 1|k)



,(2)

where ∆t is the time step, and ax,y(k + 1|k) =
F 

x,y(x̂(k|k))/m is the predicted target particle () acceleration
due to the total force. The covariance, or error, in the predicted
target state is

P (k + 1|k) = f ′(k) · P (k|k) · f ′(k)T +Q(k). (3)

Our confidence in the process model (2) is reflected in the
process noise covariance, Q(k). Equation (3) is a function of
the first-order term from the Taylor expansion of the nonlinear
process equations, involving the Jacobian matrix

f ′(k) =
∂f

∂x̂

∣∣∣∣
x̂=x̂(k|k)

. (4)

From this piecewise linearization of the nonlinear process
equation, it follows that P (k + 1|k) is an approximate repre-
sentation of the prediction error. As there is no truncated series
expansion in the standard Kalman filter, the corresponding
P (k + 1|k) is a true representation of the prediction error
for linear dynamics with Gaussian uncertainty. This linear
approximation used in a first-order EKF should be accurate
while the errors in the state estimates are small compared to
the nonlinear nature of the process equation [13].

The expected measurement result is the predicted target
position

ẑ(k + 1|k) = H · x̂(k + 1|k), (5)

where the measurement matrix H is

H =
(

1 0 0 0 0 0
0 0 0 1 0 0

)
. (6)

The actual and expected measurement results combine to form
the innovation ∆z(k + 1) = z(k + 1)− ẑ(k + 1|k), which is
used to update the state vector. This innovation step is the
same in the standard Kalman filter:

x̂(k + 1|k + 1) = x̂(k + 1|k) +K(k + 1) ·∆z(k + 1), (7)

where the innovation is weighted by the Kalman gain

K(k + 1) = P (k + 1|k) ·HT · S(k + 1)−1.

Here S(k + 1) = H · P (k + 1|k) ·HT +R(k + 1) is the co-
variance in the predicted measurement, with confidence in the

measurement results reflected in the measurement covariance
matrix, R(k + 1).

Finally, the covariance in the updated state is given by

P (k+ 1|k+ 1) = P (k+ 1|k)−K(k+ 1)S(k+ 1)KT (k+ 1).

When tracking multiple targets with a single tracker, the
state vectors for each target are stacked to form a large vector
and the filter matrices are correspondingly resized in a block-
diagonal fashion.

III. RESULTS

Figure 4 shows root-mean-square (RMS) errors when using
trackers with NT = 1, as a function of time. The RMS errors
were averaged over all targets at each time, after deleting
tracks that did not match the true target dynamics (RMS error
> 1 pixel). The deleted tracks increase the level of target loss,
which is shown in Figure 4(c) as a percentage. These results
show that our EKF tracker (solid black line) outperformed a
PTV tracker (broken blue line) in terms of decreasing RMS
errors in the tracks, at the cost of slightly increased target
losses, approaching 1%.

Target loss was directly related to measurement loss (equiv-
alently, PTV-tracker target loss) occurring during the target
maneuvers — as the shock wave formed in the dusty plasma,
and some neighboring particles became indistinguishable in
the image. This occurred between approximately t = 0.1s and
t = 0.3s, where the steep increase in target loss is clearly
visible in Figure 4(c). For later times, target loss decreased
slightly. This suggests a sound track maintenance strategy.

The implications of these results depend on the intended ap-
plication of the track data. If the purpose was to estimate some
collective (average) quantity of the dusty plasma monolayer,
such as the kinetic temperature, then target losses of . 1% are
likely to be acceptable and an EKF tracker should be used to
obtain a more accurate estimate. This is particularly pertinent
if the estimated quantity is a function of the target velocity, for
which the accuracy of an EKF tracker is substantially better
than a PTV tracker — see Figure 4(b). Conversely, if the
intended application of the track data requires minimal target
losses, and can tolerate a larger RMS error, then a PTV tracker
may be better-suited.

Figure 5 shows RMS errors for EKF trackers with NT = 6.
Comparing figures 4 and 5, it is apparent that the EKF tracker
configuration (NT) had very little effect, apart from a slight
improvement (reduction) in the level of target loss at longer
times for NT = 6. Our expectation was that using NT = 6
targets per EKF tracker would reduce the RMS errors. This
is because the prediction step in the filter uses the tracked
positions of the targets (along with the gated measurements),
which are more accurate than the measured positions, as is
evident from figures 4(a) and 5(a). The reason for the lack of
noticeable improvement in the RMS errors for larger NT is
that non-target particles (for a particular tracker) intersperse
with targets, and therefore have a larger influence on the
target behavior. This is clearly evident in Figure 6(a), which
shows a snapshot at t = 0.55s of tracker number 20 and the

630



0 0.2 0.4 0.6 0.8 1
0

0.05

0.1

!
q

(p
ix

el
s)

RMSE: 3000, 1 TPT

 

 

EKF

PTV

0 0.2 0.4 0.6 0.8 1
0

100

200

!
v

(p
ix

el
s/

s)

0 0.2 0.4 0.6 0.8 1
0

0.5

1

1.5

T
ar

ge
t

lo
ss

(%
)

Time (s)

(a) RMS error in position vs. time
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(c) Percentage target loss vs. time

Figure 4. RMS errors and target loss. The EKF tracker with NT = 1
(solid black line) produced significantly higher accuracy than the PTV tracker
(dashed blue line), at the expense of slightly increased target losses.

gated measurements used to predict the target dynamics. This
results in a less accurate filter prediction for each target, due to
the lower accuracy of the more influential (closer proximity)
measurements, compared with the targets. The snapshot shown
in Figure 6(b) shows the tracker clusters (connected lines)
entangled due to the confusion surrounding the shock wave
formation.

IV. CONCLUSIONS

We have applied two tracking techniques to a two-
dimensional myriad-target tracking problem: tracking 3000
interacting dust particles in a dusty plasma monolayer. Particle
tracking velocimetry was outperformed by using an extended
Kalman filter, in terms of producing the smallest RMS errors
in the target tracks. This came at the expense of slightly higher
level of target loss (. 1% vs. . 0.25%) caused primarily by
measurement loss. The measurement loss occurred during a
target maneuver — a shock wave induced within the dusty
plasma — when multiple targets occasionally became indis-
tinguishable.

Myriad-target tracking is generally intractable using a
Kalman-filter-based algorithm due to the sheer size of the
matrices involved. This was overcome here by partitioning the
myriad targets into manageable multi-target subsets. Unexpect-
edly, the tracker size had no significant effect on the tracker
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Figure 5. RMS errors and target loss. The EKF tracker with NT = 6
(solid black line) performed similarly to the EKF tracker with NT = 1
(see Figure 4). Both EKF tracker configurations produced significantly higher
accuracy than the PTV tracker (dashed blue line), at the expense of slightly
increased target losses.

performance, except for a slight reduction in target loss after
a maneuver.
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