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Abstract-The Rao-Blackwellized particle filter SLAM (RBPF
SLAM) that is also known as FastSLAM is a framework for 
simultaneous localization using a Rao-Blackwellized particle filter. 
The performance and the quality of the estimation of the Rao
Blackwellized particle filter depends heavily on the correct a priori 
knowledge of the process and measurement noise covariance 
matrices (Q, andR,) that are in most applications unknown. On 

the other hand, an incorrect a priori knowledge of Qt and Rt may 

seriously degrade their performance. To solve these problems, this 
paper presents an adaptive Neuro-Fu� Rao-Blackwellized particle 
filter. The free parameters of adaptive Neuro-Fu� inference 
systems are trained using the steepest gradient descent (GD) to 
minimize the differences of the actual value of the covariance of 
the residual with its theoretical value as much as possible. 

Keywords---SLAM, Rao-Blackwellized particle filter, Neuro
Fuzzy. 

I. INTRODUCTION 

The two key computational solutions to SLAM are the 
extended kalman filter (EJ<F-SLAM) and Rao-Blackwellized 
particle filter (RBPF-SLAM or FastSLAM). However, EKF
SLAM suffers from two major problems: the computational 
complexity and data association [I). FastSLAM algorithm 
approach has been proposed as an alternative approach to 
solve the SLAM problem. FastSLAM is an instance of Rao
Blackwellized particle filter, which partitions the SLAM 
posterior into a localization problem and an independent 
landmark position estimation problem. There are two versions 
of FastSLAM in the literature, FastSLAM1.0 [2,4-5] and 
FastSLAM2.0 [3,4-5]. As FasSLAM2.0 is superior to 
FastSLAM1.0, we focus on the second version. In FastSLAM, 
extended kalman particle filter (EKPF) is used for the mobile 
robot position estimation and EKF is used for the feature 
location's estimation. The key feature of FastSLAM, unlike 
EKF -SLAM, is the fact that the data association decisions can 
be determined on a per-particle basis, and hence different 
particles can be associated with different landmarks. Each 
particle in FastSLAM may even have a different number of 
landmarks in its respective map. This characteristic gives the 
FastSLAM the possibility of dealing with multi-hypothesis 
association problem. The ability to simultaneously pursue 
multiple data associations makes FastSLAM significantly 
more robust to the data association problems than other 
algorithms based on incremental maximum likelihood data 
association such as EKF-SLAM. The other advantage of 
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FastSLAM over EKF-SLAM arises from the fact that particle 
filters can cope with nonlinear and non-Gaussian robot motion 
models, whereas EKF approaches approximate such models 
via linear functions. There have been many investigations on 
FastSLAM [6-17]. In references [6-8] it has been noted that 
FastSLAM degenerates over time. This degeneracy is due to 
the fact that a particle set estimating the pose of the robot 
loses its diversity. One of the main reasons for loosing particle 
diversity in FastSLAM is sample impoverishment. It occurs 
when likelihood lies in the tail of the proposal distribution [3-
5]. Researchers have been trying to solve those problems in 
[7-17). In all previous research on F astSLAM, it is assumed 
that a priori knowledge of the process and measurement noise 
statistics is completely known. However, in most application 
these matrixes are unknown. On the other hand, an incorrect a 
prior knowledge of Qt and Rt may seriously degrade the Rao

Blackwellized particle filter performance. In this paper to 
solve these problems, an adaptive Neuro-Fuzzy Rao
Blackwellized particle filter is proposed for SLAM. 

II. THE SLAM PROBLEM 

To describe SLAM, let us denote the map by 0 and the pose 

of the robot at time t by St • The map consists of a collection 

of features, each of which will be denoted by (}n and the total 

number of stationary features will be denoted by N . In this 
situation, the SLAM problem can be formulized in a Bayesian 
probabilistic framework by representing each of the robot's 
position and map location as a probabilistic density function 
as: 

p(sp0Iz',u',n') (1) 

In essence, it is necessary to estimate the posterior density of 
maps 0 and poses St given that we know the 

observation z' 
= {z p' .. ,z, } the control input 

u' = {up ... ,u, } and the data association n' . Here, data 

association represents the mapping between map points in 

o and observation in z t . The SLAM problem is then 
achieved by applying Bayes filtering as follows: 

p(sp0Iz',u',n')ocp(z, lsp0,n, ) 

p(sp0 I z '-1 ,u' ,n') 

With 

(2) 
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p(St,e I ZH , Ut ,nt) = f peSt I St-l
,ut) p(St_l' e I zt-l , u t , n t)ds

t
_1 

(3) 
Wherep(st ISt_l,ut)is the dynamics motion model and 

p (z tis I' e, n t ) is the measurement model. The structure of 
SLAM enables particle filters to be applicable. This special 
particle filter is known as the Rao-Blackwellized particle filter 
(RBPF). The RBPF was introduced as an effective means to 
solve the SLAM problem by Murphy [20]. The term 'Rao
Blackwellized' means factoring of a state into a sampled part 
and an analytical part. FastSLAM computes the posterior over 
maps and a robot path. The key mathematical insight of 
FastSLAM pertains to the fact that the full SLAM posterior 
can be factorized as follows when data associationnt is 
known: 

N 
t t t t) (t Itt t)I1 (o. Itt t t) pe s ,e I z ,u ,n = p s z ,u ,n p n S ,z ,u ,n 

n�1 
(4) 

Where st = {s
l' ... ,St

} is a robot path. This factorization states 
that the SLAM problem can be decomposed into estimating 
the product of a posterior over robot path and N landmark 
posteriors given the knowledge of the robot's path. The 
FastSLAM algorithm implements the path estimator 
pest Izt,ut,nt) using a particle filter, and the landmarks 

pose p(o.n 1st ,z t ,ut ,nt) are realized by EKF, using separate 
filters for different landmarks. Structure of the M particles is 
as follow: 
sJm1 =< st,[m1 ,.£4;1 ,��71 ,··· ,,u1m) ,��.l > (5) 

Where [m] indicates the index of the particle, st,[m1 is the 

m th particle's path estimate, and ,u1m) ,��.l are the mean 

and the covariance of the Gaussian distribution representing 
the nth feature location conditioned on the path st,[m1 . In 
FastSLAM2.0, vehicle poses are sampled with respect to both 
the control Ut and measurement z t , which is denoted as 
follows [3-5]: 
q(st,[m1Izt-I,ut ,nt-I) = p(st,[m1Izt-I,ut , nt-I) (6) 
As a result, the FastSLAM2.0 is superior to FastSLAM1.0 in 
all aspects. 

A. Sampling Strategy in FastSLAM2.0 

In FastSLAM2.0, poses are sampled with respect to both the 
motion Ut and the measurement z t This is formally denoted 
by the following sampling distribution, which now takes the 
measurement z t into consideration: 
q(sJm1Ist-I,[m1,zt ,ut ,nt) (7) 
An effective approach to accomplish this is to use EKF 
generated Gaussian approximation. 
q (sJm1 I st-l,[m1 ,z t ,ut ,nt) '" N (St ;sJm1 ,�[m1) (8) 
In this approach, each particle is updated at the measurement 
time using the EKF according to the following equations: 

A[m1 f( [m1 ) St+1 = St ,ut 
�[m1- = V. �[m1V.T + VG Q VGT 1+1 Jt t Jt u t u 

where 

Vf = af I 
t aSt _ [m] St-St 

where 

CI"T 
[ 2 

Qt 
= ° 

and 

VG =af 
u au 

(9) 

(10) 

(11) 

(12) 

K[m1 - �[m1-HT (H �[m1-HT +R ) -1 (13) t -t t tt t t 
sJm1 =�[m1 +K}m1(z k -h(iJm1)) (14) 

From the Gaussian distribution generated by the estimated 
mean and covariance of the vehicle, the state of each particle 
is sampled: 
sJm1 "'N(st;sJm1,�[m1) (15) 
When there is no observation, the vehicle state is predicted 
without the measurement update using (9) and (10). If many 
landmarks are observed at the same time, (13) and (14) are 
repeated for each observed landmark, and the mean and the 
covariance of the vehicle are updated based on the previously 
updated one. 

B. Landmark Estimate based EKF 

The FastSLAM represents the posterior landmark estimates 
p(o.n 1st ,zt ,ut ,nt) using low dimensional EKF. In fact 
FastSLAM updates the posterior over the landmark estimates, 
respected by the mean ,u�";�1 and the covariance ���t�I' The 

updated values ,u��1 and ���t1 are then added to the temporary 

particle set St , along with the new pose. The update depends 
on whether or not a landmark n was observed at time t . 
For n =1= nt , the posterior over the landmark remains 
unchanged as follows [4]: 
[m1 _ [m1 ,un,t -,un,t-I (16) 

�[m1 = �[m1 (17) n,t n,t-I 
For the observed feature n = nt , the update IS specified 
through the following equation [3, 4]: 

p(o.n, I st,[m] ,nt ,zt) = 
= TJ p( Zt I o.n, , st,[m] ,nt, zt-l) p( o.n, I st,[m] , n t, z t-l) 

, ,\ I 
()• [m] ) N({) 1m] l;[m] ) -N(Zt,g( IIt,St ,� - lIt,Pn,t-l' n,t-i 

(18) 

The probability p( o.n, I st,[m] ,nt, zt-l) at time t -1 is 

. di ·b · ·th [m1 d represented by a GaUSSIan stn utlOn WI mean ,un,t-I an 

covariance ��";�I . For the new estimate at time t to also be 

Gaussian, FastSLAM linearizes the perceptual model 
p(Zt I o.n, , s,,[m] ,n' ,Z'-l) by EKF. Especially, FastSLAM 
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approximates the measurement function g by the following 

fIrst degree Taylor expansion [4]: 
(0 [mJ) _ ([mJ [mJ) '( [mJ [mJ ) (0 [mJ ) g "" s, -g Pn,H'S, +g S, ,Pn,H '" -Pn,H 

'---v-----' '-v----' i�ml G�"'l 
=z�mJ + G�mJ (0", -P���l) 

(19) 

Under this approximation, the posterior of landmark n, is 

indeed Gaussian. The mean and covariance are obtained using 

matching is used. The basic idea behind this technique is to 
make the actual value of the covariance of the residual to be 
consistent with its theoretical value. The innovation sequence 
r, = (z, -in",) has a theoretical covariance that is obtained 

from the EKF algorithm 

(25) 

The actual residual covariance C, can be approximated by its 
the following measurement update: 

A ( [m] ) Z t = g St ,Pn, ,t-1 
sample covariance, through averaging inside a moving 

(20) window of size N as follows: 

(21) 

(22) 

(23) 

(24) 

III. THE ADAPTIVE NEURO-FuzzY RAo-BLACKWELLIZED 
PARTICLE FILTER FOR FASTSLAM 

As already motioned, in the conventional Rao-Blackwellized 
particle fllter, complete a priori knowledge of the process and 
measurement noise statistics is assumed (matrices Qt andRt ). 

However, in most applications these matrixes are unknown. 
An incorrect a priori knowledge of Qt and Rt may lead to 

performance degradation. This is because EKF is used in the 
design of the proposal distribution and landmark position 
estimation. On the other hand, the performance of EKF 
depends largely on the accuracy of the knowledge of process 
covariance matrix Qt and measurement noise covariance Rt . 

An incorrect a priori knowledge of Qt and Rt may lead to 

performance degradation [18-19] and it can even lead to 
practical divergence [18-19]. One of the effIcient ways to 
overcome the above weakness is to use an adaptive algorithm. 
Two major approaches that have been proposed for adaptive 
EKF are multiple model adaptive estimation (MMAE) and 
innovation adaptive estimation (IAE) [18-19]. Although the 
implementation of these approaches is different, they both 
share the same concept of utilizing new statistical information 
obtained from the residual (innovation) sequence. The 
covariance matrix Rt represents the accuracy of the 

measurement instrument. The enlargement of the covariance 
matrix Rt for measured data means that we trust this 

measured data less and more on the prediction. As landmarks 

are static, we adapt the covariance matrix Rt when updating 

the landmark position. Hence, the algorithm to tuning the 
measurement noise covariance Rt can be derived. The 

adaptation adaptively adjusts the measurement noise 
covariance matrix Rt by using an adaptive Neuro-fuzzy 

System. In this case, an innovation based adaptive estimation 
(IAE) algorithm to adapt the measurement noise covariance 
matrix Rt is derived. The technique known as covariance-

• 1 � T C, =- £... (r, r,) 
N j-=k-N+l 

(26) 

If the actual value of covariance C, has discrepancies with its 

theoretical value, then the diagonal elements of R, based on 

the size of this discrepancy can be adjusted. The objective of 
these adjustments is to correct this mismatch as far as 

possible. The size of the mentioned discrepancy is given by a 

variable called the degree of mismatch (DOM, ), defmed as 

DOM =8 -6 t,EKF t,EKF t (27) 

The basic idea used to adapt the matrix R, is as follows: from 

equation (25) an increment in R, will increase S, and vice 

versa. Thus, R, can be used to vary 8"EKF in accordance with 

the value of DOM, ,EKF in order to reduce the discrepancies 

between S, ,EKF and Ct • The adaptation of the (i, i) th 

element of R, is made in accordance with the (i, i) th 

element ofDOM k,EKF .The general rules of adaptation are as 

follows: 

If DOM ',EKF (i ,i) == 0 then maintain R, unchanged. 

If DOM"EKF(i ,i) > 0 then decrease R,. 

If DOM, ,EKF ( i ,i ) == 0 then increase R, . 

In this paper the IAE adaptive scheme of the EKF, coupled 
with adaptive Neuro-fuzzy inference system (ANFIS) is 
presented to adjust R, . The overall adaptive Neuro-fuzzy 

inference system employs a bank of subsystems where each 
subsystem employs a two-input-single-output ANFIS. This is 

because the dimensions of DOM k and R k are both 

2 x 2 . These two-input -single-output N euro-fuzzy inference 
systems are employed to tune each diagonal of element of R k 

A. The ANFIS Architecture 

The ANFIS model has been considered as a two-input

single-output system. This ANFIS is a fIve layers network as 

shown in Fig.I. The inputs of ANFIS are DOM, ,EKF and 

DeltaDOM"EKF' Here, DeltaDOM"EKF is defmed as: 

DeitaDOM, ,EKF = DOM, ,EKF - DOM t-l,EKF (28) 

Finally, adjustment of Rt is performed using the following 
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relation: 

R, = R, + M, (29) 

where Mt is the ANFIS output. The fuzzy rules which 

complete the ANFIS rule base are as in Table 1. 

B. Learning Algorithm 

The aim of the training algorithm is to adjust the network 

weights through the minimization of the following cast 

function: 

1 2 E =-tr(et ) 
2 

Where 

et = S"EKF -C, 

(30) 

(31) 

By using the Bake Propagation (BP) learning algorithm, the 

weighting vector of ANFIS is adjusted such that the error 

defmed in (30) is less than a desired threshold value after a 

given number of training cycles. The well-known BP 

algorithm may be written as: 

W(t+1) =W(t) -17 
8E(t) 

(32) 
8W (t) 

Here 17 and W represent the learning rate and tuning 

parameter of ANFIS, respectively. 

DOM, 

I:>eitaDOM.I. 

Layer 1 Layer 2 Layer 3 Layer 4 

Fig .l  The Neuro-fuzzy system for feature update 

TABLE .1 Rule Table 

� L LM Z Illv1 

DOM", 
L S7 S7 S6 S5 

Uv1 S7 S6 S5 S4 

Z S6 S5 S4 S3 

Illv1 S5 S4 S" , .) Sl 

H S4 S3 S2 Sl 

Layer 5 

H 

S4 

S3 

S2 

Sl 

Sl 

IV. IMPLEMENTA nON AND RESULTS 

Simulation experiments have been carried out to evaluate the 
performance of the proposed approach in comparison with the 
classical method. The proposed solution for the SLAM 
problem has been tested for the benchmark environment, with 
varied number and position of the landmarks, available in 
[21]. 
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Fig.2 The experiment environment: The star point "*,, denote the landmark 

positions and blue line is the path of robot 

Fig.2 shows the robot trajectory and landmark location. The 
star points (*) depict the location of the landmarks that are 
known and stationary in the environment. The state of the 
robot can be modeled as ( x, Y ,¢) where ( x, y ) are the 

Cartesian coordinates and ¢ is the orientation respective to 

the global environment. The kinematics equations for the 
mobile robot are as the following form: [i 1 (V +vv )cos(¢+[y+v r)) 

y = (V +vv )sin(¢+[y+v r)) 

(p (V +v v) . ( ) 
B 

sm y+vr 

(33) 

Where B is the base line of the vehicle and u = [V y f is the 

control input at time t consisting of a velocity input V and a 

steer input r . The process noise v = [v v v r J is assumed to 

be Gaussian. The vehicle is assumed to be equipped with a 
range-bearing sensor that provides a measurement of range 
ri and bearing 0i to an observed feature Pi relative to the 

vehicle. The observation z of feature Pi in the map can be 

(34) 

Where (Xi ,Y i) is the landmark position in map and 

W = [ OJ, OJ() r relates to observation noise. The initial 

position of the robot is assumed to be x 0 = o. The robot 
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moves at a speed 3m1s and with a maximum steering angle of 
30 degrees. Also, the robot has 4 meters wheel base and is 
equipped with a range bearing sensor with a maximum range 
of 20 meters and a 180 degrees frontal field-of-view. The 

control noise is O"v = 0.3 mls and O"T = 3° . A control frequency 

is 40 HZ and observation scans are obtained at 5 HZ. The 

measurement noise is 0.1 m in range and 0.1" in bearing. Data 
association is assumed uknown. To evaluate the proposed 
method the performance of it is compared with FastSLAM2.0 
for the benchmark environment. We consider the situation 
where measurement noise is wrongly considered as O"r = 0.7 , 

0"0 = 1.0 .The performance of the proposed method is 

compared with FastSLAM2.0 where its measurement 
covariance matrix Rt is kept static throughout the experiment 

with 35 landmarks. The proposed algorithm starts with a 
wrongly known statistics and then adapts the R, in EKPF and 

EKF through ANFIS and attempts to minimize the mismatch 
between the theoretical and actual values of the innovation 
sequence in EKF and EKPF. The free parameters of ANFIS 
are automatically learned by GD during training. Fig.3 and 
Fig.5 show the comparison between the proposed algorithm 
and the FastSLAM2.0. It can be clearly seen that the results of 
the proposed algorithm are better than that of FastSLAM2.0. 
In other words, in the proposed algorithm, the estimated 
vehicle path and estimated landmark coincide as closely as 
possible with the actual path and the actual positions 
landmarks. This is because the proposed method adaptively 
tuned the measurement covariance matrix Rt • In fact, matrix 

R, converges to the actual covariance matrix R, while 

matrices Rt in FastSLAM2.0 is kept fixed over time. Also 

FigA and Fig.6 show that measurement covariance matrix 
measurement R, converges to the actual covariance matrix 

Rt in our proposed method. 
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Fig.3 Proposed method: In this experiment measurement noise is wrongly 

considered as O"r = 0.7 , 0"0 = 1.0 and control noise is truly considered 

as O"v = 0.3 mis, O"
r 

= 3° . Also, number of particles is 20 (n=20).Also, 

the results obtain over 50 Monte Carlo runs. a) Estimated robot path and 
estimated landmark with true robot path and true landmark. The " . . .  " is the 
estimated path, the "+" are the estimated landmark positions. b) Estimated 

pose error with 2 - 0" bound. 
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estimated landmark with true robot path and true landmark. The " . . .  " is the 
estimated path, the "+" are the estimated landmark positions. b) Estimated 

pose error with 2 - (Y bound. 

0.5 r---:--:---:r"""':��=::=:==il 
0.4 ____________ + __________ + ____________ � ----- I = ��S:SLAM2 0 � 

:::: 0.3 ------------- j--------------f ------------- j--------------f-----------

ii' 0.2 ------------- i--------------:-------------- i--------------:-------------
· , , , · , , , 

0.1 -------------j--------------r-------------j--------------r------------

°0
�

=====��===== 1dOO=======1��===== 2OO±=� --�� 
Tim(s) 

x 10" 
4 �---:----_:----_:_r���� 
3 _____________ : ______________ : _____________ : _____ 1 - ��S:SLAM2 0 � 

· , , , 

� 2 ------------- j--------------�------------- !--------------�------------

0: : : : ; 
1 - --- - ----- - --:--- -----------� - --- - - - - ---- - : --------------� ------------

, , , I · , , , 

°0
t======

5
�
0
======

1
�
0; 0

======
1�
�====�2OO

� �
--�
� 

Tlm(s) 

Fig.6 FastSLAM2.0 (n=20) 

V. CONCLUSION 

This paper presents an adaptive Neuro-Fuzzy Rao

Blackwellized particle filter. In the proposed method, a 

Neuro-Fuzzy EKPF for robot pose estimation, and a Neuro

Fuzzy EKF for landmark feature estimation is developed. The 

main advantage of our proposed method is its more 

consistency than classical FastSLAM2.0. This is because in 

our proposed method, the theoretical value of the innovation 

sequence matches with its real value. 
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