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Abstract

This paper reports a programming toolkit for implementing localization and navigation of a mobile robot both in real world
and simulation. Many of the previous function libraries are difficult to use because of their complexity or lack of usability.
The proposed toolkit consist of functions for dead reckoning, motion model, measurement model, and operations on directions
or heading angles. The dead reckoning and motion model deals with differential drive robot and bicycle type robot driven by
front wheel or rear wheel. The functions can be used for navigation in both real environment and simulation. To prove the
feasibility of the toolkit, simulation results are shown along with the results in real environment. It is expected the proposed
toolkit is used for test of algorithms for mobile robot navigation such as localization, map building, and obstacle avoidance.
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Fig. 1. Motion of a differential drive mobile robot
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Table 1. Dead reckoning toolkit of differential drive robot

Algorithm DR DD(X,_,, v, w, At)

11 ifw=0

2 xt:xt,l—%(sinﬁt,l—sin(@t,lerAt))
3 yt:yt,l—k%(cosﬁt,l—cos(et,l+wAt))
4 0,=6,_, twAt

S otherwise

6: x, =x,_ 1+t wvcosh, At

7 Yy, =y, +vsinb, At

3 0;= 0,

9 return X,

W,

ol&al B2 7 29 o] vehd 4= gk 7 29
Ae gut e #x ZRS 2, yob x5 2E FAVL o
FE 7ol 2R A% 7} g, 2REAS dehale] Azt
¢l vial JepATHi2].
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Fig. 2. Kinematics of bicycle type mobile robot
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Table 2. Dead reckoning toolkit of bicycle type robot

Toolkit
Name

DR BF

Inputs X, _, vy, ¢, £, At

Apply DR DD toolkit after calculating w

Process .
using ¢
Results X,
Toolkit DR BR
Name -

IHDUtS *X;fb vr7 ¢, Z7 At

Process

Apply DR DD toolkit after calculating w
using ¢

Results X,

£ ke Ei shile) Sug o) gd oled 2
I3

&7 42 DR BFe} DR BR
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Table 3. Normal distribution toolkit

Algorithm NormalDistribution(b)

1:

12
return % E rand(b,—b)

i =1

At }E BEO HB WEE Poh B9 B

NormalDistribution®] 2} )3t} E 3& o] EA19 oAz
S ek ¥ 39 bz A APE T A2 &5 oX
5o 2FHAE FAA AEdrh randEFTE bolA —b7t
A e BEXE wEE 9o e FHae
Q= 93 ARES 71A= AE Uit AE 259
T AgRrel 2o gk gt x5 7t

A= oy ay 0, a5 o 2)

4 AE TS 2RO 285 22 &2

Table 4. Motion model toolkit of differential drive robot

Algorithm MM _DD(X,_,, v, w, At, A)

11 v=wv+sample (o v+ a,w?)

20 w=wv+sample (v’ + o uw?)

3 A= sample (alv*+ agw?)

4w =x,,——(sing,_, —sin(6, , +wAt))
w
0 .

5 oy =y, +T<c056’t,1—cos(9t,1+wAt))
w

6. 0,=0, , twAt+yAt

9 return X,

¥ 49 AF 75 259 &% 2d 535S MM _DDeF A

AR AZ D=t MM DD ER 2 E8E 9
31t E 49] sample$rS= NormalDistribution
o] g}

E 5 OlFA 2Re| 25 24 22

Table 5. Motion model toolkit of hicycle type robot

Toolkit MM BF
Name -
Inputs X1, v o, L, At, A
Apply MM DD toolkit after calculating w
Process .
using ¢
Results X,
Toolkit BR
Name -
Inputs X _ 1, v, 0, 0 At A
Process Apply MM DD toolkit after calculating w
using ¢
Results X,
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Table 6. Measurement model toolkit

Toolkit MM TR
Name -
Inputs Zf ) Zf 7 Zsshort:Ohit> Mshort> Zmax
Calculate probability according to ex-—
ponential probability distribution. Multiply
Process  weighting to the probability. Added the
weighted probability to the result of
MM _Common result.
Results Pshort Zwshort + p
Toolkit MM R
Name -
Inputs zf’,zf’*,Z,zwlong,,a,m,)\,ong,zmaz
Calculate probability according to ex-—
ponential probability distribution. Multiply
Process  weighting to the probability. Added the
weighted probability to the result of
MM _Common result.
Results  Piong Zuwiong = P
Toolkit MM Common
Name ~
Inputs zi‘ zf*, Z, Opits Zmas
Calculate the error probabilities due to
Gaussian noise, sensor failure, and ran-—
Process dom measurement. Multiply weight value
to each probability. Add the weighted
probabilities.
Results  PhitZunit * PmacZmar * Prand?wrand
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Table 7. Toolkit for operations on direction
Toolkit
AngleS
Name ngleSum
Inputs  6,, 6, (two orientations to be added)
limit the sum of 6, and 6, within the
Process
range of —7m to 7w
Results 6
Toolkit
AngleDi
Name ngleDifferece
Inputs 91, 02
limit the difference of 6, and 6, within
Process
the range of —7 to =
Results 6
Toolkit
AngleA
Name glesve
Inputs 6,, NV
Obtained the sum of unit vectors repre—
Process  senting orientations(d,,). Divide the result
by the number of orientations(V).
Results 0, distribution
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Public #H &=
CMCLAIgorithm ()
virtual ~CMCLAIgerithm ()

double SampleNermalDistribution () ———  MNormalDistribution
void DeadReckoning{() ————————————— DR_DD
void MotionModel ) —————————  MM_DD

void SensorModel ()
void GetSensorValue ()

double MeasurementModel_Scnar ()} —— MM_R
double Exponential ()
double MeasurementModel_Commen() — MM_Common

double GaussianDistribution () J
void PTUpdateSUSMethod ()
void PtUpdate ()
void PitoMPi ()
void Get_CheckBoxState ()
void MCLAIgorithm ()

O 4. CMCLAIgorithmZzi 20l ARSEl x| =4 23
Fig. 4. Localization toolkit in CMCLAIgorithm class
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Fig. 10. Applying MCL algorithm
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Table 8 Uncertainty applied to simulation

N oo 103 fo N 4y 1o

Real_Motion_Uncertainty
RE_al 05 RE_a2 0.2
RE a3 0.1 RE_a4 0.1
RE_a5 0.0 RE_ab 0.0
Odometry_Uncertainty
R_al 0.2 R_a2 0.2
R_a3 0.05 R_ad 0.05
Motion_Model_Uncertainty
E al 0.8 E a2 0.6
E_a3 05 E a4 05
E_ab 0.3 E_ab 0.3
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Fig. 14. Applying toolkit for localization of a mobile robot and

experiment
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