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ABSTRACT 
The sampling importance resampling particle filter (SIR PF) 
is a common tool for nonlinear/non-Gaussian state 
estimation. The SIR PF is a memory-hungry algorithm, and 
the estimation accuracy is better with more particles 
(memory). However, the SIR PF does not utilize the 
memory effectively. In this paper, we propose a multi-
prediction (MP) PF with two-stage resampling to use 
memory effectively. At similar accuracy, proposed MP-PF 
gives 74% and 49.5% memory reduction with 4.1% and 
1.1% performance loss respectively in our experiments. 
With equal memory requirement, proposed MP-PF can 
improve the estimation accuracy. 

Index Terms— Particle filter, memory 

I. INTRODUCTION 

Estimation of the hidden system state that changes over time 
with a noisy measurement is an important problem in many 
research regions. Bayesian approach is a common 
framework for state estimation. Main task of the Bayesian 
approach is to obtain probability density function (PDF) of 
the system state. For the linear-Gaussian system model, the 
Kalman filter can track mean and covariance of the state 
PDF. However, the Kalman filter cannot solve the 
estimation problem in nonlinear/non-Gaussian system 
because of the absence of analytical expression of the state 
PDF.  

To track the nonlinear dynamic system described in 
state-space model, Particle Filter (PF), a discrete 
implementation of Bayesian filtering, is an effective tool 
[1][2]. PF is an approximate method to represent the 
posterior PDF of the system state by using a particle set with 
weights. The PF has more chance to track the uncertain 
hidden state, as the state diversity of the predicted prior is 
higher. In general, a larger particle set may have much more 
state diversity. 

In the PF algorithm, particle degeneration is an 
unavoidable problem [3]. While operating the PF, weights 
of many particles may be degenerated to small value close 
to zero. These degenerated particles cannot give any 
contribution for state estimation. Adding resampling 
procedure to the PF framework, sampling importance 
resampling (SIR) PF, is a common solution for degeneration 
problem. The resampling operation can maintain the 
importance of particles. However, the resampling procedure 
reduces the diversity of stored particles. From benchmark 
simulation that will be discussed in Section IV, Fig. 1 shows 
the mean state diversity of the particle set after resampling 
procedure. From Fig. 1, the number of different state vector 
stored in all particles is only 40% of particle number. It is 
apparent that the state diversity is low in a small particle set. 
To obtain larger state diversity, the SIR PF needs a larger 
particle set and results in more memory cost. Hence, to 
reduce memory requirement with good estimation accuracy 
is a significant problem for the PF algorithm.  

In tradition, the prior application domain knowledge 
can be utilized in the system model to reduce the uncertainty 
of the system state, such as [5][6]. The memory requirement 

Fig. 1.  Number of different state vector stored in all particles after 
resampling procedure. 
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can be reduced due to lower uncertainty of the system state. 
However, this approach is deeply related to the application. 
The improvement of one application is hardly applied to 
another application. In this paper, we propose a multi-
prediction (MP) PF framework with two stage resampling 
procedure. Comparing with the SIR PF framework, 
proposed MP-PF framework has lower memory requirement 
at similar accuracy or achieves higher accuracy with equal 
storage of particles.  

The remainder of the paper is organized as: In Section 
II, we give some background knowledge of traditional PF 
framework. Section III describes the concept of proposed 
multi-prediction PF framework. Section IV gives 
experiment simulation results and discussion. Section V 
concludes this paper. 

II. BACKGROUND KNOWLEDGE OF SIR 
PARTICLE FILTER 

System state transition model and measurement model are 
two key signal processing models in the SIR PF framework, 
as shown in (1) and (2) respectively: 

xt  =  ft(xt-1, nt)                                   (1) 
yt  =  ht(xt, vt)                                     (2) 

where xt is the system state vector, nt is the system 
uncertainty noise vector, yt is the observable measurement 
vector, and vt is the measurement noise vector. The PF 
algorithm works in the condition that ft and ht are non-linear 
or nt and vt are non-Gaussian distribution. The SIR PF 
algorithm with N particles is described as: 

Initial Phase: 
Generate N initial particles (1) ( )

0 0,..., Nx x from pre-defined 
initial state distribution P(x0). All particles have equal 
initial weights, ( )

0
iw 1/N. 

Steady Phase - Repeat for t = 1, 2, 3, …: 
a) State prediction:  

Draw the predicted particles ( )i
tx through the state 

transition model. For i=1,…,N, ( )i
tn are independent 

with each other. These predicted particles can be 
utilized to approximate the prior state distribution.  

b) Weight updating: 
After receiving the measurement, each particle needs 
to update the weight according to the likelihood 
function ( )[ | ]i

t tp y x , as shown in (3): 
( ) ( ) ( )

1 [ | ]i i i
t t t tw w p y x                        (3) 

c) Weight normalization: 
The normalization procedure makes the sum of 
particle weights equal to one. The particles with 

normalized updated weights can represent the 
posterior state distribution. 

d) Resampling: 
After weight updating operation, some particle 
weights may be degenerated to a small value near 
zero. The resampling procedure is to draw a new 
particle set with independent index j1, …, jN such that 
p(jk = i) ( )i

tw  and set ( ) ( )ˆ .kj i
t tx x Besides, all particle 

weights are set to 1/N. 

The operation flow of the SIR PF is summarized in Fig. 2. 
The blocks “P”, “U”, and “N/R” are prediction, weight 
update, and normalization/resampling operations. The 
posterior particles at (t-1) serve as the basis particles to 
generate the predicted prior particles at t. The memory 
requirement of the SIR PF is N for posterior particles. SIR 
PF with larger N has more diversity to track the uncertain 
target, and the estimation is more accurate. There is a 
tradeoff between estimation accuracy and memory cost. In 
this paper, we focus on memory reduction with similar 
accuracy. 

III. PROPOSED MULTI-PREDICTION PF 
FRAMEWORK 

A. Design Principle 
In this paper, the multi-prediction PF framework with two-
stage resampling is proposed for two reasons: 

1) Unpredictable behavior of the target: 
Due to the uncertainty in the system transition model, 
there are several possible propagation outputs. In SIR 
PF framework, however, each particle makes only 
one prediction for next timing instant, and it is hard 
to predict the moving of the target perfectly. In this 
paper, the multi-prediction approach is proposed to 
utilize the particle set effectively. 

2) Information difference between prior and posterior: 
In the predicted prior distribution, each predicted 
particle has equal weight as well as equal importance. 
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Fig. 2 Operation flow of the SIR PF. 
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After cooperating with the current measurement, the 
posterior distribution can be obtained from the 
predicted prior distribution. In the posterior 
distribution, some particles have much importance, 
and some particles can be ignored due to their low 
weights. Although the predicted prior and the 
posterior have equal state number, the posterior has 
lower information than the prior because of this 
unbalanced importance in the posterior distribution. 
In this paper, two stage resampling scheme is 
proposed to store fewer posterior particles. 

B. The proposed MP-PF with two-stage resampling 
The proposed MP-PF with M particles and P predictions is 
considered here, and the operation flow of the MP-PF is 
shown in Fig.3. The MP-PF is developed based on the SIR 
PF. There are two differences between the MP-PF and the 
SIR PF: 

1) Multi-prediction  operation– “MP”: 
The block “MP” in Fig. 3 is multi-prediction 
operation, each basis particle makes P predictions 
according to the system model in (1). For the same 
size of predicted prior as the SIR PF, the MP-PF 
needs lower basis particles. With the same number of 
basis particles, the MP-PF can produce larger size of 
predicted prior. 

2) Additional stage of resampling – “R1”:  
From each basis particle, a group of predicted 
particles are generated. If the MP-PF reserves all 
predicted particles, the memory requirement will be 
huge. Hence, after weight update, we uses 1st stage 
resampling, “R1”, to reserve one representative 
particle in each group. In sequential implementation, 
the MP-PF only needs additional P memory to store 
these P predicted particles for each basis particle. 
Total memory requirement of the MP-PF is M+P. 

As mentioned above, with more diverse predicted prior, the 

PF has more chance to track the uncertain system state. 
With sufficient basis particle number, the MP-PF can give a 
diverse predicted prior particle set without huge memory 
requirement.  

IV. THE SIMULATION EXPERIMENTS 

A. Simulation Model 
We use the simulation model used in [2][4] to demonstrate 
our idea. The system model and measurement model are 
described in (4) and (5) respectively: 

1 1
2

1

25 8 cos(1.2 )
2 1
t t

t t
t

x x
x t n

x
           (4) 

2

20
t

t t

x
y v                                       (5) 

where nt ~ N( 20, n ), vt ~ N( 20, v ), 2 10,n and 2 1v  are 

considered  fixed and known here. N( 2,u ) is the normal 

distribution with mean u and variance 2. The initial state 
distribution is x0 ~ N(0,10). We take the weighted sum of 
posterior particles as the state estimation and calculate the 
Mean-Square-Error (MSE) from the difference between the 
state estimation and the true state. The simulations are 
obtained from 104 randomly initialized experiments with 50 
steps.  

B. Comparison and Discussion 
As mentioned above, in sequential implementation, the 
memory requirement of the SIR PF and proposed MP-PF 
are N and M+P respectively. With equal predicted prior 
particle number (M P = N), proposed MP-PF needs around 
1/P memory comparing with the SIR PF. In this condition, 
proposed MP-PF can reduce the memory requirement.  To 
compare proposed MP-PF with the SIR PF, we first find out 
the performance convergent point. At this convergent point, 
we can give a fair comparison. Fig. 4 illustrates the MSE 
simulation result of the SIR PF at different particle number 

 
Fig. 3 Operation flow of proposed MP-PF. 

 
Fig. 4 MSE simulation result of the SIR PF. 
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N. From Fig. 4, the performance convergent point is around 
at N = 400. 

Fig. 5 gives the MSE comparison between proposed 
MP-PF and the SIR PF. In Fig. 5, as M<50, proposed MP-
PF has too few basis particles to give an accurate estimation. 
It is apparent that we cannot reduce memory infinitely. With 
reasonable basis particle number, such as M>50, proposed 
MP-PF has similar accuracy to the SIR PF. The memory 
saving and performance loss ratios of proposed MP-PFs are 
listed in the Table I.  The memory saving and performance 
loss ratios are defined in the following: 

Memory saving ratio = 1 M P
N

                  (6) 

Performance loss ratio = MP-PF SIR-PF

SIR-PF

MSE MSE
MSE

        (7) 

Contrast to accuracy loss at equal prior number, 
proposed MP-PF enhances the estimation accuracy with 
equal memory (M+P=N). Fig. 6 gives the performance 
comparison between proposed MP-PF and the SIR-PF. By 
more prediction computation, the MP-PF further improves 
the estimation accuracy.  

V. CONCLUSION 

This paper proposes the MP-PF that uses multi-prediction 
technique and two stage resampling. Two observations 
motivate us to propose the MP-PF: state transition 
uncertainty and information difference between prior and 
posterior. With equal predicted prior particle number (M P 
=N), proposed MP-PF can reduce the memory requirement 
with similar accuracy. In the simulation result, proposed 
MP-PF can give 74% and 49.5% memory reduction with 
4.1% and 1.1% performance loss respectively. With equal 
basis particle number (M+P=N), the MP-PF can further 
improve the estimation accuracy by more predictions. 
Therefore, proposed MP-PF is more effective on memory 
utilization. 
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Fig. 5 MSE comparison at equal predicted prior particle number. 

 
 

TABLE I 
Memory saving & Performance loss ratios. 

M P Memory Saving Performance Loss 

10 40 87.5% 145.6% 

20 20 90% 49.5% 

40 10 87. 5% 16.1% 

50 8 85.5% 11.6% 

80 5 78.75% 6.3% 

100 4 74% 4.1% 

200 2 49.5% 1.1% 

 

 
Fig. 6 MSE comparison at equal storage. 
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