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Abstract

This paper presents a Hybrid filter based Simultaneous Localization and Mapping (SLAM) for a mobile robot to compensate
for the Unscented Kalman Filter (UKF) based SLAM errors inherently caused by its linearization process. The proposed
Hybrid filter consists of a Radial Basis Function (RBF) and UKF which is a milestone for SLAM applications. A mobile
robot autonomously explores the environment by interpreting the scene, building an appropriate map, and localizing itself
relative to this map. The proposed approach, based on a Hybrid filter, has some advantages in handling a robot with
nonlinear motions because of the learning property of the RBF neural network. The simulation results show the effectiveness
of the proposed algorithm comparing with an UKF based SLAM and also it shows that in larger environments has good

efficiency.
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Introduction

Research efforts on mobile robotics have mainly focused on
topics such as obstacle detection, autonomous navigation, path
planning, exploration, map building, etc., and many algorithms
have been proposed for these purposes' . Currently SLAM is
one of the most widely researched major subfields of mobile
robotics. In order to solve SLAM problems, statistical
approaches, such as Bayesian Filters, have received widespread
acceptance. Some of the most popular approaches for SLAM
include using a Kalman filter (KF), an extended Kalman filter
(EKF) and an unscented Kalman filter (UKF) and a particle
filter” . As in any UKF based algorithm, the UKF SLAM makes
a Gaussian noise assumption for the robot motion and its
perception. In addition, the amount of uncertainty in the
posterior of the UKF SLAM algorithm must be relatively small;
otherwise, the linearization in the UKF tends to introduce
unbearable errors. The UKF uses the unscented transform to
linearize the motion and measurement models. Especially, the
UKF is usually used in order to compensate for the EKF’s
drawbacks which inherently results from linear approximation
of nonlinear functions and the calculation of Jacobian matrices’.
RBF neural network, adaptive to the changes of environmental
information flowing through the network during the process,
can be combined with an UKF to compensate for some of the
disadvantages of an UKF SLAM approach, which represents the
state uncertainty by its approximate mean and variance".

Houshangi and Azizi’ integrated the information from odometry
and gyroscope using UKF. To improve the performance of
odometry, a fiber optic gyroscope is used to give the orientation
information that is more reliable. This method is simple to
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implement, needless to frequent calibration and applicable to
different situations likely EKF. The results show that the UKF
estimates the robot’s position and orientation more accurately
than the EKF.

Ronghui Zhan and Jianwei Wan® presents a robust learning
algorithm for an multilayered neural network based on UKF is
derived. Since it gives a more accurate estimate of the link
weights, the convergence performance is improved. The
algorithm is then extended further to develop a neural network
aided UKEF for nonlinear state estimation. The neural network in
this algorithm is used to approximate the uncertainty of the
system model due to mismodeling, extreme nonlinearities, etc.

Choi et al’ approached the SLAM problem with a neural
network based on an extended Kalman filter (NNEKF). When
the robot is trained online by a neural network, the NNEKF can
capture the unmodeled dynamics, and adapt to the changed
conditions intelligently. According to the research results, the
NNEKF SLAM, shows better performance than the EKF
SLAM.

In this paper, we present a Hybrid approach using RBF neural
network and UKF based SLAM problem for decreasing
uncertainty in compare to SLAM using UKF.

We also discuss the effectiveness of RBF algorithm to handle
nonlinear properties of a mobile robot. Some related algorithms
on SLAM are described in section 2, and the Hybrid SLAM
algorithm is presented in section 3. Section 4 shows the
simulation results of the SLAM based on UKF, and Hybrid
filter. Concluding remarks, discussion and further research are
discussed in section 5.
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Related Algorithms for SLAM

Radial Basis Function Neural Network: Design of artificial
neural networks is motivated by imitating human brain and
thinking activities as a mechanical tool for various purposes.

Frequently, neural networks are used especially in modeling and
simulation of nonlinear systems. Neural networks have two
fundamental characteristics of learning based on experimental
data and structural parallel. RBF neural network is proposed as
a neural network model by Moody and Darken. In RBF neural
network, originally, RBF, approximation density function and
level fitting technique, are considered as probability functions®.
RBF neural network typically have three layers, namely, an
input layer, a hidden layer with a nonlinear RBF activation
function, and a linear output layer. Input layer transfers all data
information to hidden layer. This transfer is done through a
series of communications with unknown weights. This hidden
layer consists of local basis functions. Often, a function is used
which is called Gaussian function and does a nonlinear
transition process and it is completely local®.

Network training is divided into two stages: first, the weights
from the input to the hidden layer are determined; then, the
weights from the hidden layer to the output layer are
determined. The results can be used to simulate the nonlinear
relationship between the sensors measurements with the errors,
and the ideal output values by using the least squares method’.

Input Layer

Hidden Layer

Figure-1
A Radial Basis Function Neural Network Structure

Unscented Kalman Filter : UKF was introduced for the first
time by Uhlmann and Julier in 1997. This filter is built based on
transformation as unscented transformation.

The base of this transformation is based on this principal which
states the estimation a probability is easier than a nonlinear
function or a nonlinear transformation. UKF method is more
accurate than the EKF for estimation of nonlinear systems'’.
EKF for linearization of nonlinear system only uses the first
term of Taylor series. Therefore, in cases where the system is
fully nonlinear and higher terms in the Taylor series are
important, Linearization model by this method is not a good
approximation of the real system and this leads to lack of
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accuracy in the estimation of states or parameters of these types
of systems. In The UKEF, there is no need to calculate Jacobian
matrix. Since, the process noise in this system is accumulative;
therefore the augment state vector is used to implementation this
method. In this method, the mean and covariance estimation are
calculated with considering the second order of the Taylor
series'’. Suppose that a random variable x with mean u  and
covariance P, is given and also a random variable z as with x is
associated: z=f{x). Problem calculating the mean and covariance
z is, as predicted and corrected the problem in stages UKF a
nonlinear system. In the method of unscented transformation, to
obtain the mean and covariance random variable z, a set of
weighted points called sigma points are used. This sigma points
should be selected so that have a mean U and covariance Py.

An n-dimensional random variable can be approximated by a set
of 2n+l1 weighted sigma points given by the following
deterministic algorithm: (0 < ¢ <n).

A

¥=p+ (JIDR), . W=t @
Xigpw =0 — ('\-.' (ﬂ'_ "ijp_x):' : Wiern = Zl:.ﬂ.-—.f'._" ®)
i=a*(n+f)—n @

n number of state variables are augmented. Also, a and B are the
coefficients that with their adjustment, the estimation error can
be minimized and their values influence on the error rate
resulting from higher terms in the Taylor series. In the above

relations, k € R and(.,\,-" (1 + K)F.)., the i-th row or column of

the matrix is the square root of (7 + k) B, , W, is the weight
which is associated with the i-th point and k also is used for
adjusting the filter more accuracy'’.

Unscented transformation algorithm, first, each point of the set
points by a nonlinear function for mapping to a new point and
will obtain a new set of sigma points. Then, we can calculate the
mean and covariance values of the new random variable.
Consider the following nonlinear system:

X = FXpmpoUy—g. ) (5)

z, = h(x

ey, Gy ) (6)
Where x is state vector and u is control input and €, 8, are the
system noise and the measurement noise, respectively. In the
first phase of implementing this filter, the augment state vector
will become as the following form:

X,
xe = [E ] ()
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In continue, we will see all the formulas which has been
implemented in the UKF in which itself includes of two main
from sections: Measurement update and Time update'’.

The Time Update

X = F(Xd up. &) ®)
e = LiZo WX ©
P, = X wi[X 8 — up ] [X o —pe ] (10)
z, = h(xguy, 6y ) (11)
Z, =X wiz, 12)
The Measurement Update

P = X Zawilzip — Zllz — 2] (13)
'P.r;l._'.';l. = E:;c wi (X5 — ][z — _:k]r (14)
K, =P . P, ."" (15)
By =y TR (2, ) (16)
P, =P —KP KT (17)

Where X3, iy, Py, 2y, I, F P,

gaggr Teyyy and Ko, are motion
model, predicted mean, observation model, predicted
observation, innovation covariance, cross correlation matrix and

Kalman gain'?, respectively.

SLAM Using Unscented Kalman Filter: A solution to the
SLAM problem using UKF, with many interesting theoretical
advantages, is extensively described in the research literature.
This is despite the recently reported inconsistency of its
estimation because it is a heuristic for the nonlinear filtering
problem. Associated with the UKF is the Gaussian noise
assumption, which significantly impairs the UKF SLAM'’s
ability to deal with uncertainty. With a greater amount of
uncertainty in the posterior, the linearization in the UKF fails".
An UKF based on a Bayes filter has two steps, prediction and
correct, for SLAM using the measured sensor data of a mobile
robot.

SLAM Algorithm Using Hybrid Filter

A new Hybrid filter SLAM with UKF is proposed here,
augmented by an RBF acting as an observer to learn the system
uncertainty online'. An adaptive state estimation technique

using an UKF and a RBF has been developed. The mean, [,
which is derived from environmental information values

(1‘ vBed ) using the RBF algorithm, is entered to the
prediction step, as shown in figure-2.
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Time Update fmm———""——=s=i Measurment Update ;:_:Ll
(predict) (correct)
(ftxer Pre) Learning

RBF Neural Network

Figure-2
The architecture of the Hybrid filter SLAM

In this paper, Basic inputs are mean, covariance which are
calculated by prior input, it,_4, and present input, il,. The
robot calculates the prior mean and covariance in a prediction
step, and then, in an observation step, it calculates a Kalman
gain, present mean and covariance and defined features.

RBF neural network is very important, as the kernel of the
Hybrid filter is the complementation of errors onto stochastic
UKF SLAM processing through the training process. RBF
neural network can operate as a fast and accurate means of
approximating a nonlinear mapping based on observed data.

Time Update (Predict): The Hybrid filter SLAM algorithm is
described using a robot’s pose and features, such as the location
of landmarks". For the SLAM, the basic motion model of the
mobile robot needs to be presented. A configuration of the robot
with a state equation X* = (x v & £8)7, has the form of
equation (18) since it is assumed that the robot is equipped with
encoders and exteroceptive sensors.

xy_q + v Atcos(8, )7

Xy .4
v, Vyoq T v, Atsin(6,)
Xe =6 |= H;{_i_ﬁk.ﬂfSiﬂ[:;—g) (18)
= £r—1 )
7k By ]
u, = v, ~N{0,M,) (19)

Where 17, is velocity of wheels, and L is the width between the

robot’s wheels, and At is the sampling period. Finally, ;.
describes the covariance matrix of the noise in control space.
The state equation for landmarks, combined with the robot
position, is denoted by the vector Yk, where ¢ is the number of
landmarks. (0<i<c)

xe - . C
Ve = [ n:] = (%, V.05, Oy n1i{l__{n1i{l,}:s&'i}ﬂ]T (20)

m
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The state transition probability of a Hybrid filter SLAM has the
form of Eq. (21):

Xe = FXEpueq) +N(0,5) @n

Under the linearity assumption where | represents the nonlinear
functions, &, is the process noise, and iy, is control input.

For the Taylor expansion of function, f its partial derivative is
used with respect to X3 , as shown in equation (22).

-

' oflx, L.
F () = S

(22)

i is approximated at it,, and [;._;. The linear xtrapolation is

achieved by using the gradient of j at 1t and f{,_; as shown
in Eq. (23).

f(-gsf—v“k) = f(:”;:—v“;:) _f'(ﬁ;c—v“;:)(-k'g = 1)

With the replacement values obtained from equations 1, 2, 3, 4,
5, prior mean and covariance have the following form of:

(23)

u, = XSy wi XSy (24)
B, = I w [ — w XS 1, )T (25)

As described in Eq. (26), the observation model, Z consists of
the nonlinear measurement function % and the observation noise

dy,.

5 =h(¥7)+N(0,6,) = [fﬂ:l

O
[(ml, — x) 2+ (i, —¥a)?
= [V ' +N(0,6,) (26)
tan™t (——-’—“"_") -8,
mo=(m, mi)T @7)
Z, = X2 Wz, (28)

The Measurement Update (Correct)

To obtain the Kalman gain K, , we need to calculate Py and
P,k in the feature-based mapslé. To obtain the values Py, and

P,k it is necessary to calculate . . that are
A

s Bres Zps Zpe
calculated in equations 18, 24, 26, 28, with replacement of these

values, we will have the following equations:
ng:-c-_{ = Z?;G Wiz 5 — Zp][2ix — z.ﬁ:]T
Px-.-‘u,-'-.- = Z?:G- Wi [X1aic — Uy ][Z:'.Fc - z.f‘:]'r

H,i.; = PJ;'-.-F'.-PX,'-;X.'-:_I

(29)

(30)
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In this following, RBF algorithm with UKF are considered to
complete SLAM of the mobile robot. RBF algorithm is involved
with train through input data and measurement values. In the
training process, weights are decided based on the relation of
input data and each hidden layers. RBF algorithm need higher
weight to objective value on the higher relations between poses
and heading angle with comparing to measurement. When
applying the other case for RBF, it is the same to substitute
inputs. The RBF algorithm generally consists of two weight
layers; one hidden layer and the output layer. In addition, the
second weight, @y, equals zero because the output offset is zero.
Therefore, new estimated mean, can be described as in equation
(32): (0= j=]— 1)

ad L. W

Hy = &g 7 245

(0
(o

4

s

)

(32)

7
A

o ey

e

.,

LiFy

Sra o

il PRCATSN ERIP IS
 F =0 A F=0

AH
il

;(LJ;‘-

i, is an n-dimensional input vector and g’ stands for the

center of the j-th basis function with the same dimension of the

input vector. In the equations considered, T/ denotes the width
of the basis function, N is the number of hidden layer’s nodes,

i, - o

describes the Euclidean norm of representing the

distance between jui and, d’ and ,;;;.ﬂ: (:a_) means the response
of the j-th basis function of the input vector with a maximum
value at d”.The next process to obtain the prior mean and the
covariance is to update the results from equation (32). The
process described in the above 5 steps repeats until the end of
the navigation.

e = By T K (2, — 5
P =P —K, Px;.x;.f{' :

[

(33)
(34)

Simulations

To show the effectiveness of the proposed algorithm, the Matlab
code, developed by Bailey'’, was modified. The simulation was
performed with constraints on velocity, steering angle, system
noise, observation noise, etc., for a robot with a wheel diameter
of 1[m] and maximum speeds of 3[m/sec]. The maximum
steering angle and speed are 25[°] and 15[°/sec], respectively.

The control input noise is assumed to be a zero mean Gaussian
with @, (=0.2[m/s]) and &, (=3[°]). For observation, the

number of arbitrary features around waypoints was used. In the
observation step, a range bearing sensor model and an
observation model were used to measure the feature position
and robot pose, which includes a noise with level of 0.1[m] in
range and 1[°] in bearing. The sensor range is restricted to
15[m] for small areas and 30[m] for large areas, which is
sufficient to detect all features in front of the mobile robot.

In this research, two navigation cases of the robot are surveyed:
a Rectangular navigation, and a Widespread navigation.
Specifications of the navigation maps are described in table-1.



Research Journal of Recent Sciences

ISSN 2277-2502

Vol. 2(2), 69-75, February (2013)

Res. J. Recent Sci.

Table-1 .
Fundamental specification for navigation P
Item Rectangular Widespread 4' 5 o i
Feature 40 35 . EI!
Waypoint 5 18 - j !
Area[m] 30%30 200%160 + A
Navigation on Rectangular map: In the case of rectangular : R " =
navigation, the UKF based navigation and Hybrid filter based . UKFSLA}V{

navigation are shown in figure 3, where both results show

distortions during navigation at the three edges. The mobile al e
robot decides a direction for the navigation based on the g )
information from the locations of landmarks detected, but it o

does not instantly turn because it has 1[°] in bearing when the £, -

robot tries to turn through the edges. g

The dashed line, show the paths of robots should traverse and o
the bold black line is Robot path, based on data described by the J S ot
actual odometry. In Figure 4, the dashed gray line and the bold
black line are the x, y, and & errors in the case of UKF SLAM

and Hybrid filter SLAM with RBF algorithm, respectively.

e

RBF UKFSLAM
Figure-3
Navigation result on rectangular map X Error(meter)
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Figure-4
Navigation errors on rectangular map

International Science Congress Association



Research Journal of Recent Sciences

ISSN 2277-2502

Vol. 2(2), 69-75, February (2013)

Navigation on Widespread map: In the case of widespread
navigation, the UKF based navigation and Hybrid filter based
navigation are shown in figure 5, where more diversions are
shown in edges with larger angle during navigation. The mobile
robot decides a direction for the navigation based on the
information from the locations of landmarks detected, but it
does not instantly turn in edges because unpredictable changes
in incoming data. The dashed line, show the paths of robots
should traverse and the bold black line is Robot path, based on
data described by the actual odometry. In figure 6, the dashed

gray line and the bold black line are the x, y, and & errors in the
case of UKF SLAM and Hybrid filter SLAM with RBF
algorithm, respectively.

Conclusion

The SLAM is one of the most fundamental problems in the
quest for autonomous mobile robots since the robot keeps track
of its location by maintaining a map of the physical environment
and an estimate of its position on that map. This paper proposes
Hybrid filter SLAM methods, the RBF SLAM with UKF on a
mobile robot, to make up for the UKF SLAM error inherently
caused by its linearization process and noise assumption. The
proposed algorithm consists of two steps: the RBF Neural
Network and the UKF algorithm. The simulation results for two
different navigation cases show that the efficiency of the
proposed algorithm based on RBF as compared with the UKF
SLAM and it also shown that provided algorithms has favorable
results in wider environment but we need to use long range
sensors. To verify the effectiveness of the proposed algorithm,
simulation in Matlab with UKF and RBF are performed. Based
on the simulation results, UKF SLAM has more errors than
Hybrid filter SLAM. In addition, the results confirm the Hybrid
filter SLAM is more stable for robot navigation in the
simulation. Research under harsh and real-time condition is
under way to verify the robustness of the proposed algorithm by
fuzzy logic or changing structures of neural networks.

e ) Ty

" 5 o £ o

UKFSLAM
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