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Abstract: - In this paper a new method for solving 2D Bearing-only SLAM is proposed. We use only
Sequential Monte Carlo Methods to estimate current positions of the robot and for determining the landmarks’
coordinates. The main advantages of the proposed method are the high speed and the trivial generalization to
3D case. Our method has linear complexity growth with respect to number of the landmarks.
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1 Introduction

Recently, for solving SLAM problem is widely used
the so-called Fast-Slam method [1, 2]. It uses
Sequential Monte Carlo Methods (SMC) to estimate
the robot's current position and Extended Kalman
Filter (EKF) for determining the landmarks’
coordinates. A similar technique, which is called
Rao-Blackwellisation method, is applied in other
applications, for instance, see [4, 5]. It is known that
Fast-Slam is effective in case the mobile robot is
equipped with a range finder [2]. However, if
bearing measurements are only available, Fast-Slam
may not have a good performance. This is because
the uncertainty in the disposition of the landmarks is
too high while the linearization used in EKF doesn’t
yield big errors, in general, for small uncertainties
exclusively. The main reason for the large errors
produced Fast-Slam is a failed initialization, which
takes place if some landmarks are disposed too close
or too far from the robot. One remedy to overcome
this problem is Gaussian Sum Filter (GSF) [2, 7]
which uses the set of EKFs to estimate the
landmark’s positions. However, GSF has an
exponential growth of the complexity with respect
to the number of landmarks [3]. In this paper, we
propose a fully SMC-based method for Bearing
Only SLAM, which doesn't use linearization and,
for this, produces more accurate results than Fast-
Slam. At the same time, our method inherits the idea
of the state space decomposition from Fast-Slam. In
this regard, it is like the method proposed in [3], but
we don’t use the trapezoids to model the
uncertainties of the landmarks. Instead we are
modeling landmarks’ uncertainties as a set of the
separate particle filters [4]. Doing in that way, we
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lately have got three different methods for solving
Bearing-only problem. For these methods, the
higher speed of processing per one step of
estimation, the larger bias of the estimates. However
at the reasonable values of the noises included in the
model this bias may be ignored. In this paper, we
represent a quickest algorithm of all the three
approaches. It is very effective if system noises are
moderate. Unlike the GSF, the complexity of our
method grows linearly with increasing of
landmarks’ number. We deal with a 2D environment
but the technique developed can be generalized to
3D space without any changes.

It is worth to note, Bearing-only SLAM is

attractive choice due to inexpensive equipping of
the robot, since the range finder is not used but the
single camera is only required [2]. There are two
categories of the methods for solving Bearing-only
SLAM. They are delayed and un-delayed methods.
In delayed methods, the estimation of the robot’s
and landmarks positions is postponed until the
reliable base-line is reached [3, 6]. On the contrary,
an un-delayed method modifies those positions as
soon as a new measurement is available. In this
paper we propose an un-delayed method.
The paper is organized as follows: in section 2 the
problem is formulated and denotes are introduced,
in the section 3 our algorithm and the version Fast
SLAM used for comparison are described. Section 4
is devoted to simulation results, and section 5
concludes the paper.

2 Problem Formulation
We use the kinematic discrete model of the robot’s
motion. Let a mobile robot, whose coordinates are

Volume 10, 2014


mailto:imop@imop.spbstu.ru�

WSEAS TRANSACTIONS on SIGNAL PROCESSING

r=(rx,ry), moves on the x-y plane along a
scheduled trajectory (Fig.1).
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Fig.1 The motion of robot and takmg of the
measurements in bearing-only SLAM.
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The robot starts at the known point r, =(rxo, ryo)
and then makes N consecutive movements (steps).
By 6 denote the orientation of the robot with respect
to the x axis. Suppose there are N, landmarks on the
plane and let Isz(lxs,lj), s=12,...N, be their

coordinates. The robot’s motion can be described as
follows:

Ar; = ((pi + qp)cosei—l! (Pi + ap)smei—l)’ 1)

0, =0,_,+A6 +e’. 2)
where p;, A@, are control parameters forming the
robot’s path, i =1,Tst . The system noise processes
e”,e” are described by their probability density
functions (p.d.f.) N(Q/’, o-i”) and N(ef, o-ia), where

N(x,o) is the p.d.f. of the centered normal

distribution with variance o and argument x. The

random variables e’ and ejg (for any i, j) as well as
e’ and e/, ¢ and €] (for i j) are assumed to
be independent of each other. Let r; _( Fyis yl) be
the position of the robot at the step i, then we have
i =riy +Ar, 3
where Ar; are defined by (1) u (2). The model

defined by (1) — (3) is more suitable for a walking
robot, but it may be also used for a wheeled robot.

The initial orientation 6, is known. Let «;° be the
angle between the vectors d; =(cosé,,sind,) and

|°—

a’ e(-x; z]. More precisely,

difi*-n)]
I

sin @,

I5—r

cos o,
a;® =arccos

» (4)

Y'
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where || || is a vector magnitude. For all i =0, Ng
and s=1 N, the noisy measurements mare
supposed to be available and

m =a +¢, (5)

where e” are independent random variables with
p.d.f. N(ei“,oi“).

Let us introduce the notations R; =(r;, 6;),
L=(%12,...,1%), S =(R,,L),
M, ={m¢} where s=1N, and k=Li. In this
paper, our aim is to estimate recursively in time the
conditional mean E(g\y S, i=1Ny, where
f(Si|M i) is the p.d.f. of the posterior distribution
of the state vector S,. Hereinafter, the estimate of
E S, isdenoted as S, .

and

f(s M)

3 Description of the proposed method
and Fast SLAM.

The following factorization (6) of the conditional
p.d.f. is needed for the sequel:

f(S|M)=fL|R, M, )f(R|M,) (6)
The formula (6) follows from the Bayesian rules
[3,4]. Using (6), we can estimate the parts R; and
L of the state vector S, in the certain sense,
separately.

3.1  Description of the proposed method

3.1.1 Initialization:
For all selN,

1 =050ty ) T=1 NS are
according to a prior distribution with p.d.f. f(lf)).

NI
= (ng )_12'3(1) sl N, are
=t

calculated. Suppose Ry, =R,, kel N, , that is,

the initial state of the robot is the same for all the
robot’s  trajectories simulated. To sample

156i) =(I§‘(j)x,los(j)y), at first the random variables

the random vectors

generated

The estimates |;

u(sj) are sampled from the uniform distribution over

the predefined range [u | of the landmarks’

min ! max

depth. Then, for all sel N, N, sample the random
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variables qo(sj) according to N(E ag), where Eis
the angle between the x axis and the ray forming
angle my with the initial vector

d, =(cos@,,sing,). Finally, put
{'osmx =G C°5(¢<SJ>)+ Mo

S s
|0<J)y—u(1)5'”(‘/’(j))+ Mo

, i=LN?°, sel N, (7)

.};'e__?u‘
paE

.............. -h?f?u_
\\'-
v,
j?/ w‘m“%"f#ﬂ
# e

’1».

LR
Fig.2 Initialization

Result of applying (7) is shown in Fig.2 for the case
of the N, =3.

3.1.2 Updating therobot’strajectories

For all kel N, the independent Gaussian
variables e/, u €f,, are generated. Applying (1-3)
to all of the vectors R; ), we get the set of the
whose

vectors Rf(k) kel N, p.df. s

approximately f(Ri|MH). Calculate the angles

d, (k)

—r
E(k) \Q 1(k)

Fig.3 Updating of robot’s trajectories

N, -1
Let gy =Q {ZQMJ are weights, where
k=1
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N
Qug :QN((“is(k) _mis)(_ﬁ,a]' ho" ) (8)
In (8) h>1 is design parameter. The subscript at
(ms(k) —ms) means we choose the value of
angles falling in (- 7, z].
Now, the random vectors R;,, are modeled
according to the p.d.f.

qu 3[Ry~ Rim) (©)

Where 5() is the Dirac delta function. The uniform
discrete distribution based on the set {Ri(k)}l':':'l,
represents the desired posterior distribution with
p.d.f. (R-|M-) At last, we obtain the estimate

N,
Z Ao Rigo -
k=1

3.1.3 Updating the landmarks' positions:

For all SEL_Nland j =1, N? calculate the angles
af&n between the vectors d; =(cosgi,sin5i) and
1%y —T; , where r, and @ are components of
the compound vector R_I (Fig.4).

f—/(;)
>

P
A
— 5 // -~
d; ?% P 7
ﬁ:(j) - ﬁis(}'} m;

i

TR
Rz‘i[k]
Fig.4 Updating of landmarks

-1
NS¢
Then, count the weights W, =W(j)[ZW(j)J :
j=1
where
Wi :N«O‘is(i)‘mis)(,,,,,[]n o ) (10)
Now, the vectors |7, are simulated according to the
p.d.f.
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ZV"(Sm)5(|(J) i 1(m))

The uniform dlscrete distribution based on the set

(11)

g [
{If( j)}'ll, sel, N, represents the desired posterior

M-). Finally,

the  estimates

distribution, whose p.d.f. is f(L|R;,
calculate

S
I ZW(J) i(j) and
IN

L, —(I,l,l,,... M), Finally, the i®
state vector is S_=(R_i, :)

estimate of the

3.1.4 Complexity analysis
It can be seen from subsections 3.1.2 and 3.1.3 that

we have to evaluate the normal distribution N, N,
times in (8) and N;NZftimes in (12), total is
N,(Nr+ng). If we considered all of the

interrelations between robot’s and landmarks’
particles we would have a much larger number

Nl(Nerg) and processing would be too slow.
in (11) for
evaluating o, and a;,, we increase speed of

computation. This approximation produces some
additional bias of estimate, of course. The design
parameter h in (8) is needed to decrease that bias.
In this paper we use the value h=3, at which most
precise results were obtained. If o and o are
relatively small, the bias may be ignored. For large

values of o7 and o it is better to use methods

Using only averages E in (8) and f

based on computing all of the Nl(NrN,g) angles

between d,, and 17, ;- Then the number of

measurements should be decreased for the speed.
Further, it is clear that complexities of the
resampling processes in (9) and (11) depend on N,

linearly, therefore we have linear growth of
complexity our algorithm with respect to the
number of landmarks. This fact is also confirmed by
simulation.

3.2 Description of Fast SLAM

Below, the particular case of the Fast Slam 1.0
algorithm is described. The initialization and
updating for robot’s pathes are depicted as they are
carried in our numerical examples, updating of the
landmarks follow [1, 2]
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321
|S
ok) =

random  vectors
sel,N,) are

Initialization:  The

('os(k)x’ 'os(k)y) (k=LN;
according to N(IS,E,):S), where
N(x,i,):x) is the p.d.f of Bivariate Normal
Distribution with mean Q, covariance matrix X,

generated

and argument x. For all sel1, N, the values of E

and X; coincide with the sample mean and the

sample  covariance  matrix of the  set
|g(k)=(|g(k)x,|§(k)y), which is defined by (7). Put
Ro =Ro. k=L N. Here, Nis number of

“particles” [4].

3.2.2 Updating
Updating of the robot’s pathes is the same as
in the proposed method (subsection 3.1.2) except

for «af, are the angles between dj,, and

109 —Tigo» and kel N all over. Suppose the

parameters 17, and Xf,,, (k= LN; selLN,)
have been already known. If the robot’s state is
Rig» we have Ii =175 5 M =“is(|is(k))+ €t
and

digo (500 i) _

al (I ) )= arccos

1S . —r.
ik) ~ ik (12)
oS &,y sin 6,
-sgn | S | S
i(k)x — ri(k)x i(k)y — |(k)y

For any s, consider ais(li(k)) from (12) as function
of only 15, Then, for all ke N apply EKF with

linearization af(lf(k)) at the predicted point 17, .
We have standard equations for EKF:
o =100 + K(k)( i (||(k))_ mis)(_,, ]
t
it =i ~ K 08 0 ()
s t s t A\
Ko :Zi—l(k)G(k)(G(k)zi—uk)G(k) +lo?) j (15)

where G, is the gradient of the function a-s(lf(k))

(13)

(14)

computed at 17 ,,,. Note, G, is a 2x1 matrix. The
uniform discrete distribution based on the set of the
compound  vectors {(Ri(k), o )}E‘:l, sel, N,

represents the desired joint distribution with p.d.f.
f(SM, ). By definition, put
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N — N = _

R =Y Ry 7= 150, L, =512,
k=1 k=1

Finally the i® estimate of the state vector

s =[R..L,).

4 Simulation

We consider the discrete model of circular
motion. The robot carries 36 steps trying to stay on
the unit circle during its walking. The noises make
the robot change its path a bit. It starts at (1,0) and
plans return to the same point. For it, the length of

steps  p, = 2%6:0'174 and  angles

A@, =10° (see Section 2). In our experiment all of

the linear sizes are expressed in relative numbers, so
if other step length is needed one can just multiply
by appropriate factor all of the model linear
parameters. The values of the parameters are

Ng=36; N, =6; N, =N=500; N=800;
o% =1"; o/ =0.03p, =0.005; ol =0.3";
Upin =0.5; U, =6. The landmarks are sampled

from the uniform distribution so that their distances
from the robot are within [u,, U] for all

its

i =1, Ng . We randomly choose the 3 landmarks into

the unit circle and 3 landmarks out of one. Modeling
has shown the position of a landmark with respect to
the circle affects the estimation accuracy. The
typical results after running the proposed method
and Fast Slam are shown in Fig. 5.

2
15}
1
0.5
0

-0.5

A : ; ; : : i
-5 -4 -3 -2 -1 0 1 2

Fig.5 The consecutive estimates of the robot’s
positions and the localization of the landmarks
estimated at last step. red— the proposed method,;
green— Fast Slam, blue— the true values.

Fig.5 shows that the proposed method works more
accurately than Fast SLAM. Moreover, the worse
situation for Fast SLAM, when a landmark is close
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to the robot is depicted in Fig.6. In Fig.6, one can
see that the error produced by Fast Slam is
extremely large, while the proposed method
estimates the landmark’s position very precisely.
The main reason is failed initialization which is
shown in Fig.7. Since the proposed method has
stochastic nature, we 2000 times randomly
generated sets of the 6 landmarks (3 into and 3 out
of the circle). The results are represented as mean
and median of absolute error and shown in Table 1.

Fig.6 The estimated position of the landmark
located at (1.6, 0): red — the proposed method; green
—Fast Slam, blue— the true values.

03 Initial EKF 7
gt estimate J
Landmark, + , /,
+

G 1 '. * * * » " + A

* * ¥ + ¢‘OJ - * *
U k ‘ g’“ 0*" i

:" * ‘:o 0‘.0’5 * 0’ *

01} ¢ " . 1
02k ]
0 2 4 G 3 10

Fig.7 Failed initialization for Fast SLAM

Table 1. Results of 2000 running of the
proposed method
Estimator | Landmarks | Landmarks | The
of abs | into  the | out of the | robot’s
error/ circle circle position
Mean 0.022 0.12 0.025
Median 0.019 0.085 0.022

As it follows from Table 1, for both type of the
landmarks the relative errors are not bigger then 3%
typical linear size of the corresponding areas. To
estimate the accuracy of the robot’s coordinates
computation, consider the prior distribution of the
final points of the robot. We have modeled 100000
trajectories (without taking of measurements) at the
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noise values o/ =0.03p, =0.005; &’ =0.3" and
the set of the final points and the prior mean is
shown in Fig.8. The mean distance these points
from the prior mean is 0.15, therefore the proposed
method decreases the prior uncertainty more than 7
times. We used Matlab and the run time was
approximately 0.06 s. per one step in the case of 6
landmarks. (The CPU clock speed was 3GHz).
Apparently, this value can be improved by program
optimization.

Additionally, we carried set of computational
experiments at the different values of the noises

of; of; o. These experiments have shown that
our method estimates reliably standard deviation for

the current final robot position, but doesn’t yield a
good estimate for the current final landmarks
standard deviations. In our next work, we are going
to represent the SMC-based fast method which will
estimate properly landmarks’ uncertainties.
0.6
0.4
0.z
|:| L
0.2

0.4

0.6

-0.8
0.7

0.5 0.9 1 1.1

5 Conclusion

We have proposed the fast method for solving
Bearing-only SLAM, which has linear complexity
growth with respect to number of the landmarks.
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The main advantages of the proposed method are
the high speed and the trivial generalization to 3D
case, which can be seen from the algorithm
structure. In the future, we intend to modify this
method in order to achieve a reasonable accuracy in
estimating of the current uncertainties landmarks’
position.
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