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ABSTRACT
Particle filters estimate the state of dynamic systems through Bayesian interference and stochastic
sampling techniques. Parallel/distributed particle filters aim to improve the performance by deploying all
particles on different processing units. However, the communication cost of transferring particles is high
due to the centralized processing in resampling step. To reduce the communication cost without loss of
accuracy, the hybrid particle routing policy is designed for the resampling step, which mainly executes
particles resampling and exchanges locally and routes them globally every specific number of calculation
steps. However, the global particle routing is more necessary when the convergence of particles is low. In
this paper, we propose the adaptive particle routing algorithm, in which the local resampling and particle
exchange are used, and the planned global particle routing is adopted only when the measured
convergence is below the set threshold. The experimental results show the improved performance.
Keywords: particle filters, parallel/distributed computing, adaptive particle routing.
1

INTRODUCTION

Particle filters, also called sequential Monte Carlo (SMC) methods, provide a numerical approximation to
the nonlinear filtering problem. Particle filters use Bayesian inference and stochastic sampling techniques
to recursively estimate the states of dynamic systems from some given observations (Smith, Schmidt, and
McGee 1962; Kailath, Sayed, and Hassibi 2000; Gu 2010; Gustafsson 2010; Helmke and Moore 2012)
with little or without assumptions of the system model's properties. Therefore, particle filters have been
used in many non-linear and/or non-Gaussian applications, such as positioning, navigation, visual
tracking, and wildfire spread systems (Freeman 1987; Ikeda and Matsumoto 1987; Kocarev and Parlitz
1995; Gustafsson et al. 2002; van Leeuwen 2003). In the applications of particle filters, sequential
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importance sampling and resampling (SISR) is one of the widely used particle filtering algorithms. The
SISR algorithm has two main stages, sampling and resampling. In the sampling stage, a set of particles
representing the belief of the system is used to generate a new set of particles to represent the system
model. These new particles represent the posterior belief according to the prior distribution. An
observation measures the particles by calculating and normalizing the weights of all the particles. In the
resampling stage, offspring particles are obtained according to the normalized weights. At each time step,
sampling and resampling are executed and the resampled particles will be the input of the sampling of
next time step. This procedure continues until the observation is unavailable.
One of the challenges to apply particle filters is the performance due to the used large number of particles,
especially for large-scale dynamic systems. To improve the performance, parallel/distributed particle
filters are introduced (Bolic, Djuric, and Hong 2005; Sheng et al. 2005; Bai et al. 2016). There are no
communications between processing units in the sampling stage. Therefore, the main difference for these
algorithms lies in how to route the resampled particles to other processing units in the resampling stage
due to its centralized processing. Different particle routing policies define how the processing units with
extra particles send particles to those with shortage of particles to achieve the load balance. Although
efficient particle routing policies can achieve speedups to some extent, they still suffer from high
communication costs. To further enhance the performance, decentralized resampling algorithms are
designed (Bolic, Djuric, and Hong 2005), in which the global resampling is removed and only a small
percentage of particles are exchanged between processing units after the local resampling on each
processing unit. However, it may decrease the accuracy of state estimation due to lack of the global
resampling.
To improve the performance without loss of accuracy, a hybrid particle routing policy is adopted (Bai et
al. 2016). The hybrid routing policy is mainly based on the decentralized resampling and invokes the
centralized resampling every a certain number of calculation steps. Therefore, it combines both the
decentralized resampling and the centralized resampling to achieve better speedups and accuracy of the
estimated states. However, in many scenarios, the particles are well converged, therefore, the centralized
resampling (scheduled at every k time steps) may not be needed. To further improve the performance, we
propose the adaptive particle routing policy, in which the decentralized resampling is adopted and the
centralized resampling every a certain number of steps is invoked only when the convergence of particles
is low. We measure the convergence of particles to decide if the centralized resampling is needed at those
scheduled centralized resampling steps. It avoids unnecessary centralized particle routing steps and
reduces their incurred extra communication costs.
The rest of the paper is organized as follows. Section 2 introduces the related work in particle filters and
parallel/distributed particle filters. Section 3 presents the hybrid particle routing policy in
parallel/distributed particle filters. Section 4 describes the proposed adaptive particle routing policy and
its algorithm in parallel/distributed particle filters. Section 5 provides the experiments and achieved
results. Section 6 concludes the paper and points out the future work.
2

RELATED WORK

The applications of particle filters can be found in a variety of domains, including epidemic predictions,
geophysical systems, geosciences and remote sensing, transportation systems, and wildfire spread
simulations. Dawson, Gailis, and Meehan (2015) consistently analyzed the probability that a disease
happened in a population based on the medical records of the individual of the target popular using
particle filters. The results showed the improvement of detection times for outbreaks in populations with
electronic medical records available. Mattern, Dowd, and Fennel (2013) assimilated satellite observations
of surface chlorophyll into a 3-D biological ocean model to improve its state estimation using particle
filters. They tested the feasibility of biological state estimation with particle filters for realistic models.
Yan, DeChant, and Moradkhani (2015) estimated soil moisture and soil hydraulic parameters using
particle filters. The proposed approach corrected the soil moisture state and estimated the soil hydraulic
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parameters. Yan, Gu, and Hu (2013) applied particle filters to reconstruct the event like a traffic jam by
the collected information of deployed cameras. They detected the slow moving vehicle in the road
network to cause the traffic jam. Xue, Gu, and Hu (2012) assimilated temperature data from deployed fire
sensors into a wildfire spread simulation model to estimate the fire fronts and the related experimental
results verified the improved state estimation.
In many other applications, the parallel/distributed particle filters are adopted to address the performance
issue. Ing and Coates (2005) implemented a distributed particle filters algorithm for object tracking in
wireless sensor networks. The designed scheme significantly reduced the energy cost of communication.
Hong et al. (2006) designed and implemented a flexible resampling mechanism for parallel particle filters
in a CMOS process, and then analyzed its complexity and performance. Sutharsan et al. (2012) presented
an optimization-based scheduling algorithm for parallel implementation of particle filters and evaluated
the effectiveness of the proposed algorithm by the application of multi-target tracking. Hegyi et al. (2007)
described two different parallel particle filter algorithms for the state estimation of freeway traffic
network. Their accuracy, performance, and communication costs are analyzed and compared.
Rosencrantz et al. (2002) developed a decentralized parallel particle filters algorithm to exchange
information between nearby platforms in robotic systems. They illustrated the scaling capability to a large
team of vehicles. Liu et al. (2009) used parallel particle filters algorithm in face tracking and it worked
robustly for cluttered backgrounds and different illuminations. The multi-core parallel computing
achieved a good linear speedup compared to its sequential implementation.
From the above applications, there are two main categories of resampling algorithms in
parallel/distributed particle filters algorithms, including the centralized resampling algorithm and the
decentralized resampling algorithm. Teuilere and Brun (2003) used a centralized approach to parallelize
the resampling step and applied it to Doppler-hearing tracking of maneuvering sources, in which a central
unit collected the weights from each processing unit, did the resampling, and returned replication factors
to each processing unit. Bolic et al. (2005) proposed the decentralized resampling strategies and
implemented four versions of parallel/distributed particle filters algorithms. They removed the centralized
resampling and utilized the local weight information to decide the exchange of particles between
processing units. The centralized resampling and the distributed resampling have their own disadvantages,
either achieving low speedups or losing accuracy. Bai et al. (2016) systemically analyzed various
centralized resampling and decentralized resampling routing policies and proposed a novel approach to
combine both to achieve better speedups without loss of accuracy. This proposed hybrid particle routing
policy was based on the decentralized resampling schema and invoked the centralized resampling every k
time steps. It was examined by an application of large-scale spatial temporal system, wildfire spread
simulation, and exhibited its effectiveness. However, in some cases, the particles distribution is "good"
and the scheduled centralized resampling is not needed. Therefore, it should be called as needed for those
time steps to reduce the communication cost. Based on this idea, we develop the adaptive particle routing
policy and provide details in the following sections.
3

ADAPTIVE PARTICLE ROUTING ALGORITHM

3.1 Parallel/Distributed Particle Filters
There are three main steps in the general particle filters algorithm (SISR algorithm), including sampling,
weight computation, and resampling step. Since resampling needs the global information of all particles,
it is the main obstacle to parallelize particle filters algorithms. In general, two primary categories of
resampling in parallel/distributed particle filters are developed, including centralized resampling and
decentralized resampling. In the centralized resampling, there are two types of nodes, the central unit and
the processing unit. Sampling and weight computation are independently executed on each processing
unit due to no data dependency, and resampling is conducted on the central unit because of the demand of
global information. The central unit collects the weights of all particles from all the processing units,
performs particle resampling, and transfers the particles between the central unit and the processing units
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according to different particle routing policies. Figure 1 shows the procedure of the centralized
resampling. In the figure, fours processing units (PU1, PU2, PU3, and PU4) send their weights to the
central unit (CU), and CU serves as the hub for four processing units to exchange particles after
resampling. Different centralized resampling routing policies and their corresponding analysis could be
found in (Bai et al. 2016). Decentralized resampling removes the central unit to reduce the
communication cost. Sampling, weight computation, and resampling are executed on each processing unit
separately. To make "good" particles propagate to other processing units, a specific percentage of
particles on each processing unit are sent to its neighboring processing unit at each time step. Figure 2
displays the decentralized resampling schema. In the figure, four processing units (PU1, PU2, PU3, and
PU4) perform independent particle filters steps and forward some number of particles to their neighboring
processing units in the clockwise order. More decentralized particle routing policies were discussed in
(Bolic et al. 2005).
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Figure 1: Centralized resampling.
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Figure 2: Decentralized resampling.

The centralized resampling schema precisely implements the particle filters algorithm, but suffers from
the scalability due to the central unit. The distributed resampling schema improves the scalability, but
may need a large number of iterations for fully resampling because of its local nature and limited particle
exchanges between processing units. A hybrid routing policy (Bai et al. 2016) was proposed, in which the
decentralized resampling was mainly adopted to achieve a large degree parallelism. Processing units
performed local resampling and exchanged particles between neighboring processing units. To overcome
the limitation of local particle exchanges in the decentralized resampling, the centralized resampling was
occasionally invoked to utilize the full knowledge of weights of all particles. It helped quickly and
efficiently route "good" particles to all the processing units. This hybrid particle routing policy has been
applied in large-scale spatial temporal systems, such as wildfire spread simulation. Through the
simulation results, the hybrid particle routing policy greatly improved the performance of the data
assimilation of wildfire spread simulation without loss of the state estimation accuracy. More details can
be referred to the work in (Bai et al. 2016).
3.2 Adaptive Particle Routing Algorithm
In the adaptive particle routing, both of the decentralized resampling and the centralized resampling are
used to achieve both of performance and accuracy of particle filters algorithms. The centralized
resampling is invoked every a certain number of steps in the hybrid particle routing policy. However, in
many those steps, the particles have good convergence. Therefore, the centralized resampling is not
necessary. To more efficiently utilize the centralized resampling, we need to evaluate the convergence of
particles to decide its necessity. Towards this objective, we propose the adaptive particle routing
algorithm to adaptively invoke the scheduled centralized resampling every k steps when needed. To
 , as defined in Equation (1).
measure the convergence, we adopt the effective sample size ܰ
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 ൌ 
ܰ
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సభሺ

,

(1)

where ݍ௧ ሺሻ is the normalized weight of particle i at time step t, and N is the number of particles. A
threshold is used and the centralized resampling scheduled at every specific number of times steps is
invoked if the effective sample size of particles is smaller than the predefined threshold. Table 1 lists the
adaptive particle routing algorithm.
Table 1: Adaptive Particle Routing Algorithm.
Processing unit side:
for all the parallel processing units at time step t
1. Run the sampling step.
2. Calculate the importance weight of each particle.
3. Send all weights to the central unit.
4. Receive information from the central unit. If the centralized resampling needs to be performed,
go to step 5, otherwise go to step 9.
5. Receive routing information from the central unit.
6. If having surplus of particles, send the selected particles (based on the received routing
information from the central unit) to the central unit.
7. If having shortage of particles, receive particles from the central unit.
8. End.
9. Normalize, perform resampling locally, and send partial particles to the neighboring processing
units in the clockwise order .
10. End.
Central unit side:
At every k time step
1. Predefine the threshold TD.
2. Receive the weight of each particle from all processing units.

3. Calculate the normalized importance weights of all particles and the effective particle size ܰ
ͳ
 ൌ 
ܰ
ଶ
σே
௧ ሺሻ ൯
ୀଵ൫ݍ
 < TD, go to step 5 (activate the centralized resampling), otherwise skip the following and
4. If ܰ
inform all the processing units whether global resampling is needed.
5. Exert the centralized resampling and compute routing information.
6. Send the routing information to processing units.
7. Receive particles from processing units that have surplus of particles.
8. Send particles according to the routing information to the processing units that have shortage of
particles.
9. End.
4

EXPERIMENTS AND RESULTS

In order to evaluate the performance of the adaptive particle routing algorithm, we implemented the
sequential particle filters algorithm, the parallel particle filters algorithm with the hybrid particle routing
policy and the parallel particle filters algorithm with the adaptive particle routing policy. The SISR
algorithm was applied to the following system with the system equation in Equation (2) and the
measurement equation in Equation (3). In the equations,ݔ௧ାଵ and ݔ௧ are the system state at time step t+1
and time step t respectively; ݕ௧ is the measurement variable at time step t; ߱௧ and ݁௧ are the system noise
and measurement noise at time step t. In the above system, the associated configurations are: ݔ ̱ܰሺͲǡ ͷሻ,
߱௧ ̱ܰሺͲǡ ͳͲሻ , and ݁௧ ̱ܰሺͲǡͳሻ . This system has been analyzed in many particle filters publications
(Gordon et al. 1993; Kitagawa 1996; Doucet 1998; Arulampalam et al. 2002). We will also use this
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system to evaluate our proposed adaptive particle routing policy in parallel particle filters algorithms. We
compare the accuracy among the sequential implementation, the parallel implementation with the hybrid
particle routing policy, and the parallel implementation with the adaptive particle routing policy, and also
compare the performance of these two parallel implementations. We run the all the experiments with
15,000 time steps using 10,000 particles. We present the results below.
௫

ଶହ௫

ݔ௧ାଵ ൌ  ଶ  ଵା௫మ  ͺ ܿݏሺͳǤʹݐሻ  ߱௧


௫మ

ݕ௧ ൌ ଶ  ݁௧

(2)
(3)

Figure 3, Figure 4, and Figure 5 show the plots for the sequential particle filters implementation, the
parallel particle filters implementation with the hybrid particle routing policy, and the parallel particle
filters implementation with the adaptive particle routing policy respectively. In the figures, the horizontal
axis and the vertical axis refer to the time step and the state respectively, and the blue line and the red line
represent the true states and the estimated states respectively. From the figures we know that the
estimated states are close to the true states by applying the observations into the system model for all the
three implementations. To compare the accuracy, we calculate the time-averaged root mean square error
(RMSE) as defined in Equation (4) for the three cases, where R is the calculated time-averaged RMSE,
ݔො௧ is the estimated state at time step t, ݔ௧ is the true state at time step t, and T is the total number of time
steps. The calculated time averaged RMSEs for the sequential particle filters implementation, the parallel
particle filters implementation with the hybrid particle routing policy, and the parallel particle filters
implementation with the adaptive particle routing policy are 0.103,00, 0.091,98, and 0.092,00
respectively. They are small and very close, which further indicates all of the three implementations are
able to estimate the system states with high accuracy and their estimated accuracies are similar.
ଵ
்

ܴ ൌ ඥσ்௧ୀଵሺݔො௧ െ ݔ௧ ሻଶ
25
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Figure 3: Sequential particle filters.
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Figure 4: Parallel/distributed particle filters using hybrid particle routing policy.
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Figure 5: Parallel/distributed particle filters using adaptive particle routing policy.
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We also compare the performance of the two parallel particle filters implementations using the hybrid
particle routing policy and the adaptive particle routing policy. Firstly, we calculate the number of
transferred particles for both of the algorithms during the execution. Figure 6 display the numbers of
transferred particles for the parallel particle filters implementations with both of the particle routing
policies. In Figure 6, the horizontal axis and the vertical axis represent the time step and the number of
transferred particles (in thousand) respectively, and the green line and blue lines represent the numbers of
transferred particles for the parallel implementations with the hybrid particle routing policy and the
adaptive particle routing policy respectively. It indicates that the number of transferred particles for the
parallel particle filters with the adaptive particle routing policy is smaller than that for the parallel particle
filters with the hybrid particle routing policy, because the former policy avoids the unnecessary global
resampling. Therefore, the communication cost of the former is less than that of the latter. The time
consumptions for the parallel particle filters with the adaptive particle routing policy and the parallel
particle filters with the hybrid particle routing policy are 56.9 seconds and 68.1 seconds respectively,
which is consistent with the results of the number of transferred particles in Figure 6.

Number of transferred particles (thousand)

2.000
Hybrid Algorithm

1.800

Adaptive Algorithm

1.600
1.400
1.200
1.000
800
600
400
200
0
0

1.500 3.000 4.500 6.000 7.500 9.000 10.500 12.000 13.500 15.000
Time step

Figure 6: Number of transferred particles for parallel particle filters with the hybrid particle routing policy
and the adaptive particle routing policy.

5

CONCLUSIONS AND FUTURE WORK

Parallel/distributed particle filters are able to improve the performance by deploying the particles on
multiple processing units. However, the high communication costs among multiple processing units for
particles transfer in the resampling step decrease the entire performance. Although the decentralized
particle routing policy can address this issue, the accuracy may be affected due to the local resampling on
processing units and limited particle exchanges between processing units. The hybrid particle routing
policy is based on the decentralized resampling schema and occasionally invokes the centralized
resampling to achieve the speedups with the similar accuracy. The adaptive particle routing policy is able
to avoid the unnecessary centralized resampling steps by measuring the convergence of particles in order
to further improve the performance. The designed experiments show the parallel particle filters with the
adaptive particle routing policy achieves better speedups without loss of accuracy. This will have an
important impact on performance improvement for parallel particle filters applications, especially those
large-scale dynamic systems due to their high dimensions and large system states. Our future work will
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focus on the following directions. Firstly, we will systematically analyze the theoretical communication
and computation cost for different particle routing policies and measure their performances using the
defined metrics. Secondly, we will apply the proposed adaptive particle routing algorithm in the largescale spatial temporal systems to achieve better performance.
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