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SUMMARY
An improved FastSLAM based on the robust square-root cubature Kalman filter (RSRCKF) with
partial genetic resampling is proposed in this paper. In the proposed method, RSRCKF is used to
design the proposal distribution of FastSLAM and to estimate environment landmarks. The proposed
method does not require a priori knowledge of the noise statistics. In addition, to increase diver-
sity, it uses the genetic operators-based strategy to further improve the particle diversity. In fact, a
partial genetic resampling operation is carried out to maintain the diversity of particles. The pro-
posed method is compared with other methods via simulation and experimental data. It can be seen
from the results that the proposed method provides significantly more accurate and robust estimation
results compared with other methods even with fewer particles and unknown a priori. In addition, the
consistency of the proposed method is better than that of other methods.
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1. Introduction
Simultaneous localization and mapping (SLAM) addresses the problem of incrementally building
a feature map of the unknown environment while concurrently using this map to localize the robot
itself.1, 2 In the recent years, FastSLAM method has attracted enormous attention from researchers as
an efficient new solution to the SLAM problem in mobile robotics.3

In FastSLAM, the particle filter is used to estimate the robot pose (position and heading of robot)
and extended Kalman filter (EKF) is used to estimate the location of landmarks.4 The advantage
of this algorithm is that the data association decisions can be determined on a per-particle basis,
and hence different particles can be associated with different landmarks.3 The other advantage of
FastSLAM is that particle filters can cope with nonlinear and non-Gaussian robot motion models.4

However, FastSLAM suffers some drawbacks that are derivation of the Jacobian matrices and the
linear approximations of the nonlinear functions. In addition, it cannot produce a consistent estima-
tion in a long term. This is because each particle that carries the robot pose estimation information
implicitly records a pose history in the statistics of its associated. In addition, during resampling pro-
cess in FastSLAM, only a high weighted particle is selected and replicated while the low weighted
particles are eliminated.5 Therefore, each time a particle is lost, a whole map hypothesis is lost,
and this causes the depletion in historical information. Hence, the overall map statistics will suffer
degradation.6

For solving these problems, a number of authors have proposed UFastSLAM.6, 7 In UFastSLAM,
the linearization process with Jacobian calculations is removed by applying the unscented trans-
formation (UT).8 In addition, UT is used in the prediction stage, and a better proposal distribution
is provided by unscented Kalman filter (UKF) without the accumulation of Jacobian matrices and
the linear approximations of nonlinear functions in the measurement update step. UKF is also
used to update the mean and covariance of the feature and to initialize new features.7 The main
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advantage of UFastSLAM is that it does not use the derivation of the Jacobian matrices and the
linear approximations to the nonlinear functions.

However, UFastSLAM only can be achieved consistently for longer time periods.6 There are three
main sources for inconsistency of UFastSLAM: first, the performance of UFastSLAM depends on
correct a priori knowledge of the process and measurement noise that are unknown in real-life appli-
cations. An incorrect a priori knowledge may seriously degrade the performance of UKF9–12 and
consequently UFastSLAM. It can even lead to practical divergence and inconsistency. To overcome
this problem, the author of this paper proposed an adaptive Neuro-Fuzzy method to dynamically
adjust the noise statistics in previous work.13

Second, three scalar scaling parameters are employed by the UKF, and they are always selected
based on the nonlinearity of the motion or observation models.14 In addition, the choice of parameter
value will affect estimated precision of the filter. However, there is no way to accurately estimate
the nonlinearity level of nonlinear model, so it is impossible to find the optimal values for these
parameters.15

Finally, the optimal choice of the resampling strategy is vital to improve the accuracy and con-
sistency of UFastSLAM. The resampling step leads to sample impoverishment because the particles
with high weights are statistically selected many times.16, 17 In addition, whenever resampling step is
performed, an entire pose history and map hypothesis is lost forever. This leads to a loss of diversity
among the particles representing past poses and consequently erodes the statistics of the landmark
estimates conditioned on these past poses.18 As time goes, the number of distinct particles decreases
and consequently the covariance of samples will decrease. This will cause inconsistency of filter.19, 20

To overcome the above-mentioned limitations, there are many attempts that apply some biological
evolution algorithms. Genetic algorithm21 and particle swarm optimization (PSO)22–24 are two com-
monly used methods to maintain the diversity of particles before resampling step. In Ref. [24], PSO
is adopted to solve the impoverishment problems and particle depletion. In this paper, the particles
optimize after resampling and directly maintain the sufficient number of particles which contributes
to estimating the robot pose accurately.

An improved FastSLAM algorithm-based robust square-root cubature Kalman filter (RSRCKF)
with partial genetic resampling is proposed in this paper to enhance the performance of UFastSLAM.
The main contributions are as follows:

1) The proposed algorithm uses third-degree cubature rule to design an optimal proposal distribution
of the particle filter and to estimate the Gaussian densities of the feature landmarks. In fact, the
proposed method uses the RSRCKF to generate the importance density and estimation of features.
Also, this algorithm can work in unknown statistical noise behavior and thus it is more robust.
In addition, beside the merit of reducing the computational complexity, the proposed algorithm
has other advantages such as consistently increased numerical stability and better performance
because all resulting covariance matrices are guaranteed to stay semi-positive definite.

2) In the proposed algorithm, we present partial genetic resampling. In this resampling scheme, the
particles recombine by using genetic operators, and unlike the traditional resampling schemes,
there is no duplication and elimination of particles. It is carried out only when the effective
particles are less than the threshold.

The rest of this paper is organized as follows. Section 2 introduces the basic FastSLAM algorithm and
the required background. Section 3 provides the framework of the proposed method. In Section 4,
the simulation and experimental results are shown based on the simulator and benchmark dataset
collected in Victoria Park.

2. Background

2.1. The basic FastSLAM
FastSLAM is an efficient algorithm for the SLAM problem, which decomposes the full SLAM pos-
terior into a product of a robot path posterior and N landmark posteriors conditioned on the robot
path:

p(st , �|zt , ut , nt) = p(st |zt , ut , nt)

N∏
n=1

p(θnt |st , zt , ut , nt) (1)

https://doi.org/10.1017/S026357472000065X Published online by Cambridge University Press

https://doi.org/10.1017/S026357472000065X


Robust square-root cubature 667

where st = {s1, ..., st} is a robot path, and zt = {z1, ..., zt} and ut = {u1, ..., ut} are the measurements
and controls up to time t , respectively. Here, data association nt = {n1, ..., nt} represents the mapping
between map points and observation in zt . Each particle in FastSLAM is as the following form:4{

st,[m], μ
[m]
1,t , �

[m]
1,t , ..., μ

[m]
N ,t , �

[m]
N ,t

}
(2)

where [m] indicates the index of the particle, st,[m] is the m-th particle’s path estimate, and μ
[m]
N ,t , �

[m]
N ,t

are the mean and the covariance of the Gaussian distribution representing the n-th feature loca-
tion conditioned on the path st,[m]. In FastSLAM, a particle filter is used to compute the posterior
over vehicle paths. For each feature in the map, this method uses a separate estimator EKF over its
location.

2.2. Cubature rule
The most important step for Bayesian filtering in Gaussian domain is to calculate nonlinear transition
density of the Gaussian prior. It can be written as:25

I =
∫

g(x)N(x, Px)dx (3)

where x ∈ Rnx , g is the nonlinear function, and N(x, P) indicates the nx dimensional Gaussian
prior density of the random variable of x. The CKF uses the third-degree spherical cubature rule
to numerically calculate the integral I with 2nx equal weighted cubature points as follows:25–27

I = 1

2nx

2nx∑
j=1

g
(√

Pxξ j + x
)

(4)

where
√

Px is a square-root factor of the covariance Px , defined
√

Px
√

Px
T = Px , and the cubature

point ξ j is given by:25, 26

ξ j =
{√

nx eT
i i = 1, 2, . . . , nx

−√
nx eT

i i = nx + 1, nx + 2, . . . , 2nx

where eT
i ∈ Rnx denotes the i-th column vector of the identity matrix Inx ×nx .

2.3. H∞ extended filter
To describe H∞ extended filter (HEF), the state space model is considered as follows:

xt = f (xt−1) + wt

zt = h(xt) + vt
(5)

The process noise wt and the measurement noise vt are assumed to be energy-bonded l2 signals
whose statistical properties are unknown:28, 29

‖wt‖2
2 < ∞ ‖vt‖2

2 < ∞ (6)

For the system description in (5), the standard energy cost function J for the H∞ filter optimization
can be stated as:28, 29

J =
∑t

t=0

∥∥zt − ẑt

∥∥2
2∥∥x0 − x̂0

∥∥2
P−1

0|0
+∑t

t=0 ‖wt‖2
Q−1

t
+∑t

t=0 ‖vt‖2
R−1

t

< γ (7)

where γ represents the user-defined values of the robustness bound, P0|0, Qt , and Rt are the weighting
matrices for the initial condition, the process noise, and the measurement noise, respectively. The
objective of H∞ estimation is to minimize the maximum value of J as follows:28

min
x̂t

max
vt,wt,x0|0

J < γ (8)
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and the corresponding sequential HEF formulation can be stated as follows:

x̂t |t−1 = f (xt−1|t−1)

Pt |t−1 = Ft Pt−1|t−1 F T
t + Qt , Ft = ∂ f

∂x
(9)

Kt = P−
t H T

t (Ht Pt |t−1 H T
t + Rt)

−1, Ht=∂h

∂x

Re,t =
[

Rt 0

0 −γ I

]
+

[
Ht

I

]
P−

t

[
H T

t I
]

x̂t |t = x̂t |t−1 + Kt

(
zt − h

(
x̂−

t |t−1

))
(10)

Pt |t = Pt |t−1 − Pt |t−1
[

H T
t I

]
R−1

e,t

[
Ht

I

]
Pt |t−1

where Kk is the gain filter, and Qt and Rt are the covariance of the process noise and the measurement
noise, respectively.

3. Proposed Method
In the proposed method, the nonlinear robot motion and nonlinear environment measurement model
are defined as follows:

st = f (st−1, ut−1 + wt)

zt = h
(

st , μ
[m]
t−1

)
+ vt

(11)

where st is the robot pose, zt is the observation vector, f and h are the nonlinear robot dynamics and
the observation model, respectively, ut is the control input, wt is control noise with covariance Qt ,
vt is observation noise with covariance Rt , μ

[m]
t is the m-th revisited landmark state. The FastSLAM

methods require Jacobians and assume that the statistical noise properties are known during the state
estimation. In the proposed method, neither the Jacobians nor the statistical noise properties are
required for state estimation. The proposed method fuses H∞ filter and SRCKF to obtain a filter that
will have the desirable properties of both filters. In addition, to increase diversity, it uses the genetic
resampling. This algorithm consists of sampling strategy, update of revisited landmark, calculation
of the importance weight, and partial genetic resampling.

3.1. Sampling strategy
The crucial step in designing a particle filter-based SLAM (FastSLAM) is the choice of proposal dis-
tribution. The simplest choice is often to sample from the transition model. However, in many cases,
such proposals result in poor filter performance due to a mismatch in the areas of high probability
between the transition and observation distributions. The optimal importance distribution choice of
importance distribution for each particle is the conditional posterior given both the previous state and
the new observation.30 Therefore, the optimal distribution for FastSLAM is as follows:

q
(

s[m]
t |st−1,[m], zt , ut , nt

)
It is designed with intelligent robust square-root cubature particle filter (RSRCPF). The intelligent
RSRCPF is combined of SRCKF and particle filter with partial genetic resampling and is used to
compute the mean and covariance of the vehicle state.

For sampling from proposal distribution, the first step is to form an augmented state and aug-
mented covariance matrix by appending the mean and covariance of process noise vector. Assuming
the mean of process noise is zero, the mean and covariance of augmented state are as follows:

sa[m]
t−1|t−1 =

[
s[m]

t−1|t−1

0

]
Pa[m]

t−1|t−1 =
[

P [m]
t−1|t−1 0

0 Qt

]
(12)
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where s[m]
t−1|t−1 and P [m]

t−1|t−1 are the previous mean and covariance of the robot pose, respectively,

Qt is the process noise covariance, sa[m]
t−1|t−1 is the mean of the augmented state, and Pa[m]

t−1|t−1 is the

covariance of augmented state. Use the Cholesky factor of Pa[m]
t−1|t−1 as follows:

Sa[m]
t−1|t−1 = chol

(
Pa[m]

t−1|t−1

)
(13)

Then, 2na symmetry cubature points is calculated by

δ
a[i][m]
t−1|t−1 = sa[m]

t−1|t−1 + Sa[m]
t−1|t−1ζi i = 1, ...2na (14)

where ζi is the i-th element of 2na cubature points as follows:⎧⎪⎪⎪⎨
⎪⎪⎪⎩

⎡
⎢⎢⎢⎣

1
0
...

0

⎤
⎥⎥⎥⎦ ,

⎡
⎢⎢⎢⎣

0
1
...

0

⎤
⎥⎥⎥⎦ , ...,

⎡
⎢⎢⎢⎣

0
0
...

1

⎤
⎥⎥⎥⎦ ,

⎡
⎢⎢⎢⎣

−1
0
...

0

⎤
⎥⎥⎥⎦ ,

⎡
⎢⎢⎢⎣

0
−1
...

0

⎤
⎥⎥⎥⎦ , . . . ,

⎡
⎢⎢⎢⎣

0
0
...

−1

⎤
⎥⎥⎥⎦
⎫⎪⎪⎪⎬
⎪⎪⎪⎭

where na is the size of the state vector sa
t−1|t−1. Each cubature point can be decomposed to the robot

state and the control components:

δ
a[i][m]
t−1|t−1 =

[
δ

[i][m]
t−1|t−1 δ

u[i][m]
t

]T
(15)

These cubature points pass through the robot motion model f as:

ŝ[i][m]
t = f

(
δ

[i][m]
t−1|t−1, ut + δ

u[i][m]
t

)
(16)

The predicted mean st |t−1 is calculated from the transformed cubature point set ŝ[i][m]
t based on

cubature as:

s[m]
t |t−1 = 1

2na

2na∑
i=1

ŝ[i][m]
t (17)

To predict the square-root factor of the covariance of the robot state S[m]
t |t−1, an error matrix Er is

defined as follows:

Er = ŝ[1:2n][m]
t − s[m]

t |t−1

The square root of the covariance matrix S[m]
t |t−1 is predicted as:

S[m]
t |t−1 = qr

{[
1√
2na

Er

]T

, 0

}
(18)

When a feature landmark is revisited by the robot, the particle state sk and its covariance squared root
factor Sk can be updated. To update them, sk and Sk are augmented with the revisited landmark first:

b =
⎡
⎣ s[i]

k|k−1

μ
[i][m]
k−1

⎤
⎦ , Pb =

⎡
⎣ P [i]

k|k−1 0

0 �
[i][m]
k−1

⎤
⎦ (19)

where b is the augmented prediction state and pb is the augmented prediction covariance, respec-
tively. Then the cubature point set for the augmented density is calculated as:

δ
∗a[i][m]
t−1|t−1 = b + chol (Pb)ζi i = 1, ...2na (20)
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Each cubature point δ
∗a[i][m]
t−1|t−1can be expressed by the compound of the robot state and the landmark

state components as follows:

δ∗
t−1|t−1 = [

s̄t , μt,t−1

]T

and the transformed cubature point set is calculated based on the nonlinear measurement function h,
given by:

ζ
[i][m]
t = h

(
s̄[i][m]

t , μ
[m]
t,t−1

)
Consequently, the predicted measurement for the revisited landmark is calculated with the trans-
formed cubature point set as:

z̄[m]
t = 1

2nb

2nb∑
i=0

ζ
[i][m]
t

The measurement innovation covariance S[m]
zz and the cross covariance P [m]

δυ between the robot state
s and the measurement z are:

S[m]
zz = 1

2nb

2nb∑
i=0

(
ζ

[i][m]
t − z̄[m]

t

) (
ζ

[i][m]
t − z̄[m]

t

)T + R

P [m]
δυ = 1

2nb

2nb∑
i=0

(
s̄[i][m]

t − δ
[i][m]
t−1

) (
ζ

[i][m]
t − z̄[m]

t

)T
(21)

The mean and square root of covariance of the vehicle are updated as:

s[m]
t |t = s[m]

t |t−1 + K [m]
t

(
zt − z̄[m]

t

)
(22)

P [m]
t |t = S[m]

t |t−1

(
S[m]

t |t−1

)T −
[

P [m]
δυ S[m]

t |t−1

(
S[m]

t |t−1

)T
]

R−1
e,k

[
P [m]

δυ S[m]
t |t−1

(
S[m]

t |t−1

)T
]T

(23)

S[m]
t |t = chol

(
P [m]

t |t
)

where K [m]
t and Re,t are:

K [m]
t = P [m]

δυ

(
S[m]

zz

)−1
(24)

Re,t =
[

Rt + P [m]
δυ [P [m]

δυ ]T

P [m]
δυ −ζ I + Pt |−1

]
(25)

From the Gaussian distribution generated by the estimated mean and covariance of the vehicle, the
state of each particle is sampled as:

s[m]
t ∼ N

(
st ; s[m]

t |t , P [m]
t |t

)
(26)

where the covariance matrix of the robot pose is as follows:

P [m]
t |t =

(
S[m]

t |t
)T

S[m]
t |t . (27)

The importance weight of particles wt is determined as follows:

w
[m]
t = w

[m]
t−1

p
(

zt |s[m]
t

)
p
(

s[m]
t |s[m]

t−1, ut

)
N

(
st |t ; s[m]

t |t , P [m]
t |t

) . (28)
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3.2. Update of revisited landmark
If a landmark is revisited at time t, a set of sigma points are sampled from the revisited feature as:

χ [i][m] = μ
[m]
nt ,t−1 + �

[m]
nt ,t−1ζi , (i = 1, ..., 2nl) (29)

where nl is the dimension of landmarks in the map, μ
[m]
nt ,t−1 and �

[m]
nt ,t−1 = (�

[m]
nt ,t−1)

T �
[m]
nt ,t−1 are the

mean and covariance matrix n-th feature that is registered in feature initialization step. By passing
the cubature points χ [i][m] through the nonlinear measurement function h, the predicted measurement
ẑ[m]

t is calculated as follows:

Z̄ [i][m]
t = h

(
χ [i][m], s[m]

t

)
, (i = 1, ..., 2nl)

ẑ[m]
t = 1

2nl

2nl∑
i=0

Z̄ [i][m]
t (30)

As a result, the covariance matrixes for the m-th revisited landmark are calculated with cubature
points are as:

S[m]
zz = 1

2nl

2nl∑
i=0

(
Z̄ [i][m]

t − ẑ[m]
t

) (
Z̄ [i][m]

t − ẑ[m]
t

)T + R

�
[m]
tχZ = 1

2nl

2nl∑
i=0

(
χ [i][m] − μ

[m]
nt ,t−1

) (
Z̄ [i][m]

t − ẑ[m]
t

)T

The mean μ
[m]
nt ,t and the square root of covariance �

[m]
n,t of the n-th feature are updated by:

μ
[m]
nt ,t = μ

[m]
nt ,t−1 + K̄ [m]

t

(
zt − ẑ[m]

t

)
(31)

�
[m]
nt ,t = �

[m]
nt ,t−1 − �

[m]
nt ,t−1

[
GT

θnt
I
]

R−1
e,t

[
G

θnt

I

]
�

[m]
nt ,t−1

�
[m]
n,t = chol

(
�

[m]
nt ,t

) (32)

where the gain K̄ [m]
t and Re,t are determined as:

K̄ [m]
t = �̄

[m]
tχZ

(
S[m]

zz

)−1
(33)

Re,t =
[

R 0

0 −ζ I

]
+

[
Gθnt

I

]
�

[m]
nt ,t−1

[
GT

θnt
I
]

(34)

3.3. Partial genetic resampling
In the proposed method, a combination of RSRCKF and particle filter is used to estimate the vehi-
cle path. However, the phenomenon of particle degradation is inevitable. The resampling process
is performed to reduce the effects of the degeneracy. During the resampling step, the small-weight
particles might end up with no children and the large-weight particles have a large number of chil-
dren.16, 17 Although the resampling step reduces the effects of the degeneracy problem, it decreases
the diversity of particles.17

In order to maintain the particle diversity in the proposed method, the crossover and mutation
are applied on particles before the resampling step. For this purpose, the particles are divided into
the small-weight particles CL and large-weight particles CH . In order to separate the small-weight
particles from other large-weight ones, the weight of each particle is compared with a threshold ωT .

After separating the particles, the crossover operator is performed on small-weight particles.
In fact, the small-weight particles are modified using the information of the large-weight parti-
cles through the crossover operator. There are many crossover operators. In this paper, arithmetic
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crossover is selected to modify the small-weight particles. Assume that x (l)
t and x (h)

t respectively
represent the particles from CL and CH . The modified small-weight particle is denoted by x ′[l]

t as
follows:

x ′(l)
t = αx (l)

t + (1 − α)x (h)
t (35)

in which l = 1...NL and h = 1...NH . NL and NH respectively represent the number of particles con-
tained in CL and CH . For each x ′(l)

t , x (h)
t is randomly selected from CH . α ∈ [0, 1] is a parameter

which determines how much information for x [l]
t transferred to x [h]

t . The greater α is the more infor-
mation will be transferred from x [l]

t to x [h]
t . To increase the diversity of particles, a mutation strategy

is applied on the particle x ′[h]
t according to mutation probability pm :

x [l]
t =

{
x ′[l]

t + β if rl ≤ pm

x ′[l]
t if rl > pm

(36)

where vector β is taken from a uniform distribution, rl is the random variable for x ′[l]
t that is drawn

from the uniform distribution on [0, 1] and pm denotes the mutation probability. The crossover and
mutation operators can move particles to the region of high likelihood. The choice of pm and α has
direct impact on the moving speed. The weighting of the modified particles x ′(l)

t are calculated as:

w
(l)
t = w

(l)
t−1

p
(

yt |x ′(l)
t

)
p
(

x ′(l)
t |x ′(l)

t−1

)
N
(

xl
t ; x ′(l)

t |t , Pl(i)
t |t

) (37)

After crossover and mutation, whenever effective number of particles Nef f is below a predefined
threshold, the resampling procedure is performed. The effective number of particles Nef f is:

Nef f = 1
N∑

m=1

(
ω

(m)
t

)2
(38)

where ω
(m)
t is the normalized weight:

ω
(m)
t = ω

(m)
t

N∑
i=1

ω
(i)
t

4. Simulation and Experimental Results
In this section, both numerical simulations and real-world dataset experiments are conducted to
evaluate the performance of the proposed algorithm.

4.1. Simulation
The simulated environment is two-dimensional map that contains landmarks and robot path. Figure 1
shows the simulation environment map, where the star points (*) is the location of the landmarks.
The robot starts from the origin of the global frame and moves at a speed 3 m/s and with a maximum
steering angle of 30◦. It detects nearby features with a laser sensor until it closes a big loop. The robot
has 4 m wheel base and is equipped with a range-bearing sensor with a maximum range of 30 m and
180◦ frontal field-of-view. The control noise is (σν = 0.2 m/s, σγ = 2o).

The distances from landmarks to the robot and the angles between landmarks and the for-
ward direction of the robot are obtained by a laser range finder. The measurement noise is
(σr = 0.1m,σθ = 1o). Control frequency is 40 Hz and observation scans are obtained at 5 Hz.

A series of Monte Carlo comparison studies is conducted under different conditions, in order
to evaluate the proposed method in comparison with other well-known algorithms including
FastSLAM2.0 and UFastSLAM. To evaluate the performance of algorithms, the root mean squared
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Fig. 1. True robot path and true landmarks.

error (RMSE), and the average normalized estimation error squared (NEES) is used. The RMSE pro-
vides a measure of accuracy and the NEES is a standard criterion for evaluating estimator consistency.
For each algorithm, 20 independent Monte Carlo runs are conducted.

4.1.1. Performance under the known statistics of the noises. In this subsection, the performance
of the proposed algorithm is evaluated while the statistical properties of noises are known a priori,
that is, the measurement noise is σr = 0.1, σθ = 1 and the control noise is σν = 0.2, σγ = 2. In this
experiment, the number of particles is 50 and the results are obtained over 20 Monte Carlo runs.
Figure 2 shows the estimation result of a typical simulation run of the algorithms. The result indicates
that both the robot trajectory and features are estimated accurately by the proposed algorithm. The
RMSE is adopted to evaluate the estimation accuracy of the FastSLAM algorithms quantitatively.
The RMSE with respect to each time step in Fig. 3 and its mean and standard deviation are shown in
Fig. 4.

It is observed that the proposed method has better accuracy than UFastSLAM and FAstSLAM2.0.
This is because the genetic resampling causes increase of diversity and consequently increase accu-
racy in the proposed algorithm. In addition, RSRCKF is able to estimate the mean and covariance to
a higher order of accuracy and consistency than the UKF in UFastSLAM and EKF in FastSLAM2.0.

To measure whether a filter is consistent, its estimate is used to compare with the probability
density function (PDF) obtained from an ideal filter.31 To verify the consistency, the NEES is used:

εt = (
st − ŝt |t

)T
P̂−1

t |t
(
st − ŝt |t

)
where st is the ground truth, and ŝt |t and P̂t |t are the estimated mean and covariance, respectively.
The consistency is evaluated by performing multiple Monte Carlo runs and computing the average
NEES (ANEES). Given N runs, ANEES is computed as:

ε̄t = 1

N

N∑
i=1

εi t

For the two-dimensional vehicle position with 20 Monte Carlo simulations, the two-sided 95% prob-
ability concentration region for ε̄t is bounded by interval [1.3, 2.79] and algorithm is consistent if ε̄t

with probability 95% belong to [1.3, 2.79]. Figure 5 shows that the proposed method is consistent
while UFastSLAM is inconsistent after 30 s. This is why diversity particles in the proposed method
are more than that of UFastSLAM and FastSLAM2.0. Figure 6 shows the number of distinct parti-
cles, which are counted after every resampling. The result shows that the number of distinct particles
in the proposed method is more than that of other methods. Hence, the consistency of the proposed
method is more than that of other methods.
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Fig. 2. Estimated robot path and estimated landmarks: The “. . . ” is the estimated path, the “o” are the estimated
landmark positions. (a) Proposed method; (b) UFastSLAM; (c) FastSLAM2.0.
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Fig. 3. RMSE of position with respect time.

4.1.2. Performance comparison with different particle numbers. The proposed algorithm is com-
pared with others algorithms with the variety of the particles quantity. In the simulations, the number
of particles is set to be 10, 30, 50, respectively. The RMSE is obtained using 20 Monte Carlo runs.
The control noise level is (σν = 0.2, σγ = 2), and the measurement noise level is (σr = 0.1, σθ = 1).
With the given particle number level, the mean and the standard deviation of RMSE for the vehi-
cle path estimation are calculated over 50 Monte Carlo runs for each SLAM algorithm. Figure 7
shows that the estimations of vehicle pose become more accurate for the three algorithms when more
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Fig. 4. Mean and standard deviation of RMSE.
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Fig. 5. Consistency: (a) Proposed method; (b) UFastSLAM; (c) FastSLAM2.0.

particles are used for SLAM algorithm. However, for same particles, the accuracy of proposed algo-
rithm is better than that of other two algorithms. This is because the proposal distribution is designed
by RSRCKF and the sampling accuracy of particles is improved. In addition, the genetic operators
are used to reduce the degree of particles degeneracy and maintain the diversity of particles. The
resampled particles gradually approximate the samples from the posterior PDF of the true state.
Hence, in the proposed method, the fewer particles are used to accurately accomplish the SLAM and
computational cost can be decreased.
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Fig. 7. Performance of algorithms with different numbers of particles.

4.1.3. Performance under the unknown statistics of the noises. To evaluate the performance pro-
posed algorithm under the unknown statistics of the noises, the performance of it is compared
while measurement noise is considered wrongly as (σr = 0.05, σθ = 0.5) and the control noise is
(σv = 0.2 m/s,σγ = 2o). The chosen particle number for algorithm is 50 and the results are shown
in Fig. 8. It shows that when the robot position estimation is accurate, the position estimation of the
landmarks is also accurate and vice versa. This is because these parameters depend on each other.
The result indicates that the estimated vehicle path and estimated landmark coincide as closely as
possible with the actual path and the actual positions features. In UFastSLAM and FastSLAM2.0,
the error estimated vehicle path and estimated landmark are increased respectively.

The RMSE of position over time is presented in Fig. 9, and the mean and variance of it are shown
in Fig. 10. Figure 11 shows the comparisons of the NEES for algorithms in this experiment. It can
be seen that the proposed algorithm is consistent, but UFastSLAM becomes inconsistent after 5 s.

This is because that the proposed method achieves better numerical stability and smaller lin-
earization error by using the square-root extension of the RSRCKF. Moreover, sufficient number
of particles is always generated in FastSLAM and thus the accuracy of the estimation is increased.
Finally, the proposed method does not require a priori knowledge of the noise statistics and deepened
on only an assumption that the noises are bounded in certain energy level.

https://doi.org/10.1017/S026357472000065X Published online by Cambridge University Press

https://doi.org/10.1017/S026357472000065X


Robust square-root cubature 677

–30 –20 –10 0 10 20 30
–40

–30

–20

–10

0

10

20

30
(a) (b)

(c)

X(m)

Y
(m

)

–30 –20 –10 0 10 20 30
–40

–30

–20

–10

0

10

20

30

X(m)

Y
(m

)

–30 –20 –10 0 10 20 30
–40

–30

–20

–10

0

10

20

30

X(m)

Y
(m

)

Fig. 8. Estimated robot path and estimated landmarks: The “. . . ” is the estimated path, the “o” are the estimated
landmark positions. (a) Proposed method; (b) UFastSLAM; (c) FastSLAM2.0.
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Fig. 9. RMSE of position with respect time.

4.1.4. Computational cost. The computational cost of the proposed method is analyzed using
Matlab simulations on Intel(R) Core(TM) i5-4590 CPU@3.3 GHz PC. Table I demonstrates the com-
position of three algorithms. As shown, the CPU running time of three algorithms increases as the
number of particles increases. Under specified particle number, the proposed method has better com-
putational efficiency compared to other methods. The main advantage of the proposed method over
the conventional methods from computational cost viewpoint is that to obtain the same estimation
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Table I. Computational cost of algorithms.

Processing time (s) RMSE (m)

Number of particles Proposed method UFastSLAM Proposed method UFastSLAM

50 67 56 0.056 0.2
30 47 36 0.057 0.31
10 21.4 13.2 0.059 0.43
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Fig. 10. Root mean square error.
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Fig. 11. Consistency: (a) UFastSLAM; (b) proposed method.

accuracy as other methods, lower number of particles is needed. Table I shows that when one-fifth of
the particles of UFastSLAM (10 particles) is used, the estimated error is smaller than UFastSLAM.
Therefore, the proposed method gains more accuracy with lower computational cost.

Moreover, the proposed resampling can also reduce the computational time, since the proposed
resampling is only carried out when the effective particles is less than the threshold. Compared to
standard resampling, the partial genetic resampling also presents better accuracy and computational
efficiency. This is because it only conducts resampling on partial particles and merges the large-
weight and small-weight particles to avoid repeatedly copying large-weight particles.

4.1.5. Performance of partial genetic resampling. The performance of the proposed algorithm is
evaluated while the standard resampling is used instead of partial genetic resampling in it. This
experiment shows that the performance improvement comes only from RSRCKF and shows the
importance of the genetic resampling. Figure 12 shows the RMSE of estimations over time. Similar
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Fig. 12. RMSE of position.
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Fig. 13. Consistency of proposed method with standard resampling.

to partial previous cases, it is observed that the performance of the proposed method is better than that
of other algorithms. However, the proposed algorithm becomes inconsistent after 55 s as shown in
Fig. 13. This is why the proposed method employs the standard resampling similar to other methods.
Comparing Figs. 13 and 3 shows that using the partial genetic resampling can help improve the
estimation accuracy and consistency. In this way, the proposed resampling can better approximate
the true state of vehicle.

4.1.6. Performance under non-Gaussian noise condition. In this subsection, performance of the
proposed method is evaluated under non-Gaussian noise condition. For this purpose, the process
noise is assumed to be Gaussian noise while the measurement noise is drawn from a Gamma dis-
tribution in this case. The results are shown in Fig. 14. It can be seen that the proposed method
outperforms UFastSLAM. This is expected because of the fact that the proposed method outper-
forms FastSLAM2.0, UFastSLAM, and UKF-SLAM when the statistics of the noise processes are
not exactly Gaussian and unknown by the algorithms. In UFastSLAM, non-Gaussian noise will have
a significant effect because it is very sensitive to the nature of the noise. On the other hand, the H∞
filter does not assume Gaussian noise and, thus, the proposed method is robust to variations in the
nature of the noise. This robust property tends to decrease errors in the proposed method.
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Fig. 14. RMSE of pose with respect to time.
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Fig. 15. Performance of algorithms: (a) Proposed method; (b) UFastSLAM; (c) FastSLAM2.0.

4.1.7. Influence of environment on the performance. To evaluate the influence size of environment
on the performance of the proposed method, it is compared with other algorithms in larger envi-
ronment. The measurement noise is σr = 0.1, σθ = 1 and the control noise is σν = 0.2, σγ = 2.
Figures 15 and 16 show the comparison between algorithms. It can be seen that the proposed method
outperforms other methods in this environment as previous environment. Therefore, the performance
of the proposed method is better than that of other algorithms in any environment.
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Fig. 16. RMSE of pose with respect to time.

Fig. 17. Basic parameters of the mobile vehicle.4

4.2. Experimental
To further examine the performance of the proposed method, Car Park dataset and Sydney Victoria
Park dataset32 are utilized to validate the effectiveness of the proposed method. These datasets are
a very challenging benchmark for evaluating SLAM algorithms in real-world environment. In the
experiments, the performance of the proposed method is compared with that of FastSLAM2.0 and
UFastSLAM. The experimental platform is a four-wheeled vehicle equipped with a GPS, a laser
sensor, and wheel encoders as shown in Fig. 17.

In the Car Park test, artificial landmarks are used that consisted of 60 mm steel poles covered
with reflective tape. Since the true position of the landmarks is obtained with GPS, a true map is
available. In addition, a GPS receiver is used to provide ground truth for the robot position at some
parts of the map. When the vehicle was driven around the park, the steering angle and the velocity
were measured using encoders.

The performance of the proposed algorithm is compared with FatsSLAM2.0 and UFastSLAM
in situation that the correspondences between the observation and the landmarks are assumed to be
unknown and 20 particles were used for all algorithms.

Each algorithm has been executed 20 times to confirm the variance of the estimate error. For the
unknown data association, the individual compatibility nearest neighbor test is used. Figure 18 shows
the trajectory and landmark estimates produced by algorithms.

The result shows that in the proposed method estimated path coincides very well with the GPS
path, and the estimated landmarks match the true beacons. Moreover, as shown in Fig. 19, the RMSE
of the robot position in the proposed method is better than that of UFastSLAM and FastSLAM2.0.

Figure 20 shows Victoria Park with the GPS path. GPS data were collected to provide ground
truth data. As shown a vehicle is driven around the park for about half an hour to traverse a trajectory
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Fig. 18. (a) FastSLAM2.0; (b) UFastSLAM; (c) proposed method.
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Fig. 19. RMSE of position.

Fig. 20. Victoria Park dataset with GPS path.4
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Fig. 21. Trajectory based on odometry only.
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Fig. 22. Comparison of methods.

over 4 km. Since the most common features in the environment are trees, the profiles of trees are
extracted from the laser data, and the centers of the trunks are then used as the point landmarks. The
control inputs and feature measurements are collected from the wheel encoders and a laser range
finder, respectively. Wheel encoders are used to provide odometry measurements. The GPS is pro-
vided as ground truth to evaluate the accuracy of the vehicle’s estimated paths obtained by different
algorithms. The numbers of particles are 30 particles. Also, the control noises in the experiment are
σv = 0.8m/s, σγ = 1.8o and the measurement noises are σr = 1.5m, σφ = 2.8o. Each algorithm is run
independently 20 times to verify the variance and the estimated error and the comparison results of
accuracy for each approach. Figure 21 shows the trajectory based on odometry only. Since the robot
is driving over uneven terrain, the odometry information from the encoder is poor.

Figure 22 presents the trajectories for proposed approach, Fast|SLAM2.0 and UFastSLAM. The
results show that the trajectory estimated by the proposed algorithm has a better match with the
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true GPS points. The proposed algorithm achieves better estimation accuracy because that both the
particle resampling method the calculation of the proposal distribution and are improved.

5. Conclusion
An improved FastSLAM based on RSRCKF with partial genetic resampling is proposed in this paper.
In the proposed method, RSRCKF is used to design proposal distribution of the particle filter and to
estimate environment landmarks. Compared to other UFastSLAM methods that require an accurate
perfect knowledge of the noise statistics, the proposed method does not require a priori knowledge
about the noise statistics. In addition, to increase diversity, it uses the genetic operators-based strategy
to further improve the particle diversity. We conclude from the results that the proposed algorithm,
even with fewer particles and unknown a priori, yields significantly more accurate and robust esti-
mation results compared with other methods. In addition, the consistency of the proposed method is
better than that of other methods.
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