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DWA*: Velocity Space Approach with Look-Ahead Verification

for Indoor Robot Navigation

Student: Chih-Chung Chou Advisor: Dr. Feng-Li Lian
Department of Electrical Engineering

National- Taiwan University

ABSTRACT

Based on the dynamic window approach (DWA) for robotinavigation, this thesis
presents a local reactive method, calligélDWA*, for mobile fobots to achieve
.,.EI
high-speed, smooth;-and local-minima-free havigation. The original DWA utilizes only
a small part of environmental information to search for.a propet motion command in
the robot’s motion space. Hence, the robot can beeasily driven into local-minima area
and trapped in complex environment. In order to escape from the local-minima area,
DWA* applies region analysis technique to filter improper commands, and uses the A*
search algorithm with the look-ahead verification to determine the optimal command

which can lead the robot to the best consequence after a designated number of steps. In

this thesis, extensive simulation and experimental studies using sonar-based or

il



laser-based mobile robot are presented to illustrate the excellent performance of using
the DWA* compared with that of using the original DWA.

Keywords:

Dynamic window approach, local reactive method, velocity space approach,

look-ahead verification.
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Chapter 1

| ntroduction
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Robot navigation /is an i 1eati h in mobile robotics.
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Generally qualgng‘,'rob follows: given a start

.
location and a goal 185;&0

Rt

145 o ':.i;ffal i 1-:;'. 1 M F
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in Figure 1.1.  Global methods assume that the environment is completely known and
plan a path according to overall map information. However, they often do not consider
the robot’s dynamic and needs enormous computing time. On the other hand, local
methods only utilize environment information of the robot’s neighborhood to compute
a proper motion command. Roughly speaking, global methods utilize environment

information more to find a whole optimal path, while local methods care more about



robot dynamic. Though local methods often do not guarantee the path optimality, they

can be recomputed fast to manage varying environments. Thus, it is better to apply

local methods in practical cases.

However, sometimes local methods can make undesirable decisions because that

they only utilize part of known information. For this reason, it is hoped to design a

local method which can utilize the environment information efficiently.

/Local methods\ (Global methods\

T ow |

Directional
approaches

approaches

Robot dynamic Information utilizing rate
Computation speed Planning depth

B a
o)

Figure 1.1: A comparison ef rébot navigation algdr__ithms.

1.2 Problem Formulation

In this thesis, the robot is assumed to operate in an unknown static environment.
The term ‘unknown’ means that the robot does not have a built-in world model; it has
to complete the navigation task using sensory information. ‘Static’ means that the

environment does not change or changes slowly. Another assumption is that the robot
2



i1s equipped with dead-reckoning system so that it always knows the goal location
related to its present position. The robot is assumed to be a circular wheeled mobile
robot. It has two degrees of freedom: translational velocity and rotational velocity.

Therefore, the robot trajectories can be represented as circular lines.

1.3 Contribution of the Thesis

A new nayigation method DWA* is presented in this thesis. DWA* is a local

reactive method ‘and based on a velocity space approach DWA [4: Fox et al. 1997],

s
—

which directly searches an optimall vel 1ty,cf5'1'1-1mand fromithe set of all executable
1l ' IR

velocities for the robot. By adjuétilég the range of search space," DWA can be applied
| . i 1

for various types of wheeléd robots. However, in the searching’of DWA, the intention

of goal-directing and obstacle-avoidance are mixed: For this reason, sometimes DWA

may select an evidently improper velocity. Different from original DWA, DWA*

preserves several candidate velocities and then makes a selection by look-ahead

verification [8: Ulrich & Borenstein 2000].

Most local reactive methods can easily get stuck in trap situations like U-shape

obstacles. It is because that they only utilize a little part of known information. This

problem can be solved by look-ahead verification, which predicts the robot’s state after



several steps and evaluates candidate motion commands according to the consequence.
By adding look-ahead verification, DWA* can utilize the environment information

completely to achieve high-speed, smooth and local-minima-free navigation.

1.4 Organization of the Thesis

In this thesis, =J_ - ﬁtussed’%-hapte g d the original DWA is




Chapter 2

Related Works

In this chapter, related researchesof robothavigation techniques are introduced.
In Section 2.1 and Section 2.2, the development of global path planning methods and

local reactive methods are introduced. In Section=2.3, hybrid methods ‘which integrate
| g
T

L
global and local methodsiare presented®n.Section 2.4, robot navigation problem is
¥

re-defined as a search problem. Under the® s-%:arch problem formulation, the differences

of above methods arediscussed and the coneept of DWA™ s illustrated.

2.1 Development of Global Path Planning M ethods

The goal of global path planning methods is to find a path connecting the robot’s
current position and the goal. The earliest global path planning technique is visibility
graph. In this method, obstacles are assumed as polygons and their vertices are saved

in a vertex set V, and an edge set E is constructed by connecting each pair of vertices in



V. The robot path is then searched by topological methods. Although the visibility
graph method can find a path from the start to the goal, it is obvious that a path passing
the vertices of obstacles is not good enough.

For finding the optimal path, the cell decomposition and graph search methods
are used. In these methods, the map is separated into many grids and a path can be
represented as a list of grids on the map. Navigation function NF1 [6: Brock & Khatib
1999] is one of the simplest methods. Tt 1s a wavefront planper [5: Choset et al. 2005]
which affords the simplest solution to local minima probiem. NET starts at goal and
uses wave-propagation concept to labe_l all grids-yith the distaﬁce to the goal. As a

s

— -
result, a local- minima-free path ¢an be (ﬁgn-'fﬁed via gradient descent from the start
| | i

grid. k|

Although NF1 can find 7a! local minima-free’ p:ath, it 1s* asbreadth-first search
method. In many cases, itis wished:t6-find the optimal path without visiting every grid.
A* algorithm [14: Russell & Norvig 2003] can solve this problem perfectly. A* is the
most popular global method today, it evaluates each grid node by a cost function:

f(n) = g(start,n)+h(n, goal) (1.1)
where g(start, n)is the true path cost from the start node to node n, and h(n, goal) is a
heuristic function, which represents the estimated cost of the shortest path from n to

the goal. Different from NFI1, A* is a best-first search (BFS) algorithm, that is, the



node with minimum cost will be selected for expansion at first. The optimality of A* is
guaranteed if the functionh(n,,n,) satisfies some conditions. Dynamic A* (D*) [13:
Stentz 1994] is a modified version of A*. It is developed to solve the problem of
re-planning in changing environment. D* utilizes the computation result obtained from
last iteration and updates only the parts influenced by changed nodes. Therefore, D*

performs much more efficient than A* in the re-planning stage.

2.2 Development ofiLocal ReactiveMethods

i l.rl."
i

The most popular local reactive methods today can be ¢lassified as directional

i
1

approaches and velocity. SpaC.e :approac;h& Directional  approaches divide the
navigation problem into.two paﬁ's. First, sensory informgtion 15'analyzed for finding a
proper direction for the robot. Second, the robotiis controlled to move toward the
direction. However, because of the kinematic and dynamic constraints, the robot may
be not able to move toward the determined direction smoothly. Hence, velocity space
approaches are developed to solve the problem. Instead of finding a direction, velocity
space approaches directly search for a proper velocity vector, containing transitional
and rotational velocity. By limiting the search space, the problem induced by the

kinematic and dynamic constraints can be easily solved.



The earliest directional approach is virtual force field (VFF) [1: Borenstein &
Koren 1990]. VFF draws a local grid map according to sensory information and then
uses potential field method to avoid obstacles. After VFF, vector field histogram (VFH)
was developed [2: Borenstein & Koren 1991]. VFH transfers a two-dimensional grid
map into a one-dimensional polar histogram. VFH first analyzes the histogram to find
several navigable open areas ani is J'ab'ler to avoid lxj)tpal minima problem suffered by

- 3 -‘._ __ Fa .\_
A -4 “’i' . .
VFF. VFH+ reduces sdnme of the para-méter tum‘ﬂ%:m VFIrI___ell:nd :a_l?prommates the robot

trajectory better. Hén_gg_? itc

. - | b BN
applying different cqﬁrol i ! can &r-i\{.qirobot safely in

s .
. R
narrow and compléisgnii;GnFenw !
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The earliest VClOClty-'approaCh:IfS-CUfV&tUI’eb\Aa'OCIty {nethod (CVM) [3: Simmons
0 ¥ e, '
1996]. After that, dynamic window approac%‘l (DWA) was developed [4: Fox et al.

1997]. DWA inherits the concept of CVM and becomes one of the most popular
velocity space approaches today. Model-based dynamic window approach (UDWA)
was then developed [5: Fox et al. 1998]. uDWA integrates real and “virtual” sensor
data, which is derived from a map of the environment, to compensate for the problem

of sensor limitation.



Compared with velocity space approaches, directional approaches like VFH and

ND are better at solving local minima problem. The reason is that the process of
‘finding a proper direction’ can be seen as ‘planning for next several steps.” Therefore,
more environment information can be utilized in directional approaches than in
velocity space approaches. On the other hand, velocity space approaches can drive
robots faster and smoother thanlqh.q ﬂlxe&ﬁn.{ﬂ qﬁpr‘(?ch because of their attention to
A |

robot dynamic constralhts
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In [6: Brock & Khatib 19-9‘9], NFl ts".-l-n![egreted (%-ﬂ'l DWA “In[10: Seder et al. 2005],
Clioge Voo ol d

the integration of DWA and D* algorlthm 1s presented the authors then developed the

function of moving obstacle avoidance in [11:Seder & Petrovi'c, 2007]. In these

methods, a whole path is first computed by global methods and local methods are

applied to track the path. Therefore, the robot can move along the computed path with

real-time obstacle avoidance. However, since the motion definition of the global

method does not correspond with that of the local method, the tracking performance



may be poor.

VFH* [8:Ulrich & Borenstein 2000] is different from above methods. Rather
than searching paths by global methods, VFH* uses look-ahead verification to
consider the information beyond the immediate surroundings of the robot. The concept
of look-ahead verification is to recursively re-compute the local method to predict the

robot’s new state after several sqte.pd' .Rﬂbotfhrqﬁpn {.ys determined by predicting the

A ~,-r = E“
consequences after seteral steps of ‘eXTecutln date motlon commands.
:"'.’:

'l;;_ Taght i 7 |
ol I-:j:ll'.'l ._F! .;,
than pure local'methods. The co%ok@ Verlﬁcat%n is useﬂ' in DWA* to
-

:.‘I-.II | i : h
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APy, I
2 1 l 2
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= 15,1 2716 -J';;-.f-p_,.

For realizing and comparing the characteristic of above methods better, it is
needed to find a generalized formulation of these methods. Based on the literature
survey, the robot navigation problem is defined as a search problem.

Figure 2.1 shows a search problem formulation for robot navigation problem, the
root node depicts the present position of robot. The target of a navigation method is to

determine the optimal motion which can lead robot to the goal with minimum cost.

10



Under this definition, each navigation method has four key factors:

« Robot state space X = {x; } : Each node in Figure 2.1 represents a reachable robot
configuration. Where k depicts depth and ndepicts the sequence number of this
node. The root node depicts the start position of robot.

- Robot motion spaceU,,, = {u.": x¢;; = f(x,u)}:  For each state X, Uy,

depicts the union of all exicﬁ__méﬁi"eﬂﬁhﬁepﬁor dthe robot. Xy, = f (X, uUy")is the
.‘.1"" i F= (L7}
! 1‘ j _é 1 -|'..'.| 5
robot’s dynamic %pafr 0 [ R - =
)

. ..__{- 5,
/

. Cost functldhCost(xk+

&l AN
Ug' to ch'ange the the motion with m‘igﬁmum cost in
i
-\.r.l =
] ™
.o w & i
U, is chosen. -
— e ﬁ:-..

o
O &

="
Ny equals the depth o.'ﬁ‘%qal nocie';-Whllqm léal'methcéa‘pd often equals 1.
l"'l_l. - EH g
i 40T oy [ L Gy

Table 2.1 shows the differences of nav1g£t10n methods introduced in the last section.

methods, robo:I!Ez_s r?:l;f,_n-:o

Motion space definition and search depth are the two key differences of global and

local methods.

11



Robot state space:

X ={x¢}
Robot motion space'
Uni = U x5 = FO U}

Cost function:

Cog(xiTi—l s UIT)
Maximum search depth:

GOAL ng
'l.;- L _l:l i T -l::' } |._'._ - k|
Figure 2.1: A%' (?xalliiplg q(s;;rch tree. \ N —.
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; . ~ * |5

9 = )

In globaL_met_}_lg_ds iq.%li__ar@.‘pften defined

L i AL

= - _H’
without con51der1 _1g 1o alril. For example, jin A* and"NF1, robot motion is

?} f-.:- - ""i
defined as “moving to ) one ‘o fﬁ[ﬂae 8fne1 arl c_lsg Igg!'ivévey;-,lit 1s impossible for a

.-!' I L I "|_:

4-wheeled robot to move rlght' or left }gal}h‘;l% -.| a b =

On the other hand, although local methods design motion space better, the path
optimality is not guaranteed because of limited search depth and local minima problem.
Under the search problem formulation, the local minima are as follows:

«Local minimum: When the robot is in state X , if it
satisfies Cost(xg,0) > Cost(x,;,Ug) for all u'e U, and x¢ # goal , then we

say X, is a local minimum.
12



Here Cost(xg,0) means the cost of doing nothing but keeping in present state x'.

Obviously, if robot gets stuck in local minima, it can never reach the goal. In many

cases, even if the robot does not stop on the local minima, it may keep moving around

the neighborhood of local minima and it may not be able to complete navigation task.
For realizing the local minima problem better, a simple test algorithm is

designed and used to observe the performance. The-algorithm TEST is defined as

follows:

. Robot state space: The two-dimensional position of rebot.

. Robot mation space: Assume that the robot.ean move straightly on 181 directions,
| g
i

from -90.degrees to 90 degrees: It can-meve at most 0.5m1in one step.

i
1

e

. Cost function: The " cost f.un:ction of “TEST|l {is the weighting sum of two
sub-functions: Cost1 and C:Ost2. Costl represe.nts f[:he distance between the new
state and the goal, Cost2 depicts’the maximum distance where the robot can move
before collisions happen. Costl and Cost2 are both linearly projected onto the
interval [0 1]. The final cost function equals 0.8*Cost1 + 0.2*Cost2.

« Maximum search depth: In TEST, the depth equals 1.

Figure 2.2(a) shows a situation which can lead the robot to local minima state. In this
situation, the robot fronts a U-shape obstacle and there is a local minima state at the

bottom of this obstacle. After comparing all executable motions, TEST algorithm

13



determined to move forward straightly.

Figure 2.2(a) is also a typical situation which can cause local minima problem. It
is because that majority of local methods consider the distance to goal as the main part
of their cost function, just like TEST. However, in this situation, the robot must once
move away from the goal to avoid the obstacle. If the obstacle is wide enough, the

robot may consider that it is to‘) e)sl'pcrﬁlve"ccd d'et(‘)én‘ and get stuck in front of the

" 3 B O
obstacle, as TEST doeﬁ, | =g - T
_e'.;.:_;— i - '|'_

For solvmg!HJe local roblem, there a f(‘):.‘___app?oaches
"-..'- "-.'-" PR
i L‘il I |1. __F' I
« Limited ?ﬂotlon space: T information s anaiyzed to filter
:-..'l P
. i R . ® 8
improper motions. b s technique to remove
i—ls e i r"'l«
motions which dre p a'sfhtesqn advance.
.
« Multi-policy: "Whe ) the ob i mg-na it WJ\H sw1tch to another
! L :| ':-,__.lr-:ll; l-i_' ro -.':
navigation method FOr exampit{,-m DWA, E-Een the ro&ot ﬁnds that there are no

-'_7'

...r' fa'. _.II gl

admissible trajectories to translate, it w111’ rotate away the obstacles until it is able
to translate again.

. Combined with global methods: In these methods, a path is found by global
methods at first and the cost functions are designed for tracking the optimal path.
For example, NF1+DWA [6: Brock & Khatib 1999] or A*+DWA [10: Seder &

Petrovi‘c 2005] [11: Seder & Petrovi'c 2007]. Nevertheless, the tracking

14



performance may be poor because the motion definition of the global method
does not correspond with that of the local method.

. Look-ahead verification: In these methods, the robot predicts its new position
after several steps to evaluate the consequence, such as VFH* [8: Ulrich &

Borenstein 2000] and DWA*. In fact, adding look-ahead verification can be seen

as increasing maximum seaf.@[&]ﬂ-:'ﬂﬁr@{mgnthm Compared with the last
"i=‘3" ks b U
group of methodsi,rae)sefmethqd’é'e'an trackﬁe predlc{;ct(}ﬂqih better because they

# {
use the sam&ip_m_oach robot and pre p(;:i_gmﬂr However, these
R
':"»':" a;;ﬂ"!-. vy |
methods @mnd mu o the @Ial. Therefore,
= =

» . B
in most .ﬁjactlcal finite ‘and the robot

'\--'I

trajectory %y‘?; be

s
Rl
e o)

-T\-_

5N }5« G e
r i r
The obJectlve § ap i 18 is a"h:i-glilispeed, smooth and
k :.\_ r

L] '—:l_".. ".-?'l_l = .'. ]
-.;_'., rhrs gk 'ﬂ'l-
local-minima-free nav1g8:brl':}1}lmethc&.-'f:or this reason, V[._ﬁ& 1s based on a velocity

L':'i? ¥ T '&"jf.-j"".-‘

space approach DWA and integrates Wltﬁ ook-ahead verification technique.
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Figure 2.2: An éXanmple ofilocal minima. :
(a) U-shape obstacle. The solid-line circle depicts the present position of robot; the
dot-line circle depicts the local minima state under TEST.
(b) Costl, the horizontal axis depicts the directions of robot motion.
(c) Cost2.
(d) Cost function, 0.8*Costl + 0.2*Cost2.
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Table 2.1: Navigation methods under search problem formulation.

Algorithm | State Motion definition | Cost function definition | Maximum

definition search
depth

Global path planning methods

Visibility || Positions of | Moving along || Distance to the goal Infinite

graph obstacle edges
vertices

NF1 Positions of | Moving to || Distance to the goal Infinite
map grids neighbor grids

A* Positions of || Moving to neighbor || Estimated total cost of || Infinite
map grids grids getting to goal through

, the grid:

Local reactive methods :

VFH+ Robot "+ Moving toward the | Determined by objective || 1
positions selectéd ditection /| fuhctions .

VFH* Robot Moving toward: the'| Estimated total cost of | =1
positions selected diréft.ﬂ;"ﬂ.f getting to goal through

| | 7-.|'I.-: the direction

ND Robot Moving towa{(IT: ﬁhe Distance,to the goal 1
positions seleqted direction 1

DWA Robot 1 Moving on_s the Détérmined by objective || 1
positions seleécted veloeity functions
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Chapter 3

Dynamic Window Approach
fEile ol IELB) S

J ML.IILI-.- -J| %‘ . :I.:‘T- .r'-: J
Dynamic wmdo-\hi;a Egach (DW‘R 1S 1ﬂn§§.10ed 1m_‘_la %pter DWA is one of

'I.

mlz;:_t}_pg-" a proper velocity
: N

& SR oy !
according to tl'!&'.I obstacl config rches all possible Ve;l'uc1t1es for the
'-ﬂ."l -
robot to find ﬁhf opt1m 1gh-spe?_§; and smooth
navigation for \chqm.l—'é"- typ : .'1..,|
i r'l s r&"l.ﬁn -::_.‘
L ‘“'fi\‘: N3
g 1‘3 .

& Ep =& £
. 4 o o I _-"i'll-
3.1 Procedure of-E)WA . 5 4V

Dynamic window approach (DWA) is one of the most popular velocity space
approaches. Instead of computing a proper velocity according to the obstacle
configuration, DWA searches all possible velocities for the robot to find the optimal
solution.

DWA is originally presented in [4: Fox et al. 1997] and briefly introduced in the
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section. In DWA, the trajectory of a robot can be described as a sequence of circular

and straight line arcs. The robot then searches all the possible values in velocity space

(v,w) that are free of collision and can be reached within the next sampling time

interval At . Figure 3.1(a) shows an example where several collision-free trajectories for

the robot are illustrated.

The search space is reduceglﬁ]@w:lﬂ; B
: : -
.I-"“-'l "j.-l!'i" . J:=.- L7
(a) Circular traj ecto[_{_ﬁ: s D consrﬂ'e'fs onl ular tralc::'i-;gr‘res determined by the
il 4 S

sults in @No-dimensional
i I-H

pair of transmonﬁl:and rotati

':"»':" a;;ﬂ"!-.

velocity spacef'"-.l

¥
(b) AdmISSIblé:yel 0C|ty icti | i iti ensures’iﬂlat only safe

I
'\--'I

trajectories are .s‘:én‘-s-ﬁe-tre i i i le"if'lﬂldl'{dbot is able to

stop before it reac '_gh To pel
" '_:H. _"|’-""

T 3, i -

(c) Dynamic window: T e’ﬁynamlcﬁﬂndow res the issible velocities to those

“ogepegen®?

that can be reached within a short time interval given the limited accelerations of the

robot.
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(b)
Figure 3.1: An example of DWA.
(a) Robot in physical space. The circle represents robot. These curves from the robot are
trajectories generated by different velocities (m/s, rad/s) in the next 3 seconds.
(b) The restricted search space of DWA. Each point in the space represents a velocity
vector (v, w). The horizontal axis represents rotational velocity, and the vertical axis

represents transitional velocity;
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The restricted search space is shown in Figure 3.1(b). Each point in the space

represents a velocity vector (v, w) , and only the velocity vectors in the white region are

considered. In the search space, if there are two points locating on the same line

passing the origin, it means that the two velocity vectors drive the robot into the same

arc trajectory. The blue lines in Figure 3.1(b) correspond to the arc trajectory in Figure

3.1(a). e el e S
| J-:-]L-i:r .-& 3 % .=E—- 7.--;5:-;. -
i -
DWA uses somg_\gbjec ve funetions to ﬁ%fhe optkga'l-splocny vectors. In [4:
‘5" J N
Fox et al. 19971, -ﬂge followi =

(a) Target hehdlngh-!(:h ding): sure of progress f%ﬁzards the goal
location. It is mgx1mal 1 B

o Lo r-.;
(b) Clearance (dlft).!-"aist cle' o'ﬁ th%rtrajectory The
smaller the dlstancé‘{ ;1{ obs acl igheri S g}esué tQ move around it

Irlj'\.

(c) Velocity (vel): vel is the, fprward{zelomty of bot ixr:d'ﬂ‘upports fast movements.
,t.g?j“;.-,-\.l! jn.b

DWA chooses the velocity vector which maximizes the weighting sum of these

objective functions:

o(1)-heading(v, w) + a(2) - dist(v, w) + a(3) - vel (v, w) (3.1
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Chapter 4

Modified Algorithm DWA*

.E'—‘-"!"" i3
.*.E"ﬂitir .:r_ _{-;f'.';.;._%

In this Chapter, dﬁtal s of DWJN’“"are re‘sﬁﬁad Secr\l_oa %-;1- shows the procedure

’15' > K‘i(' ':-1
of DWA*. The Eboal reactl i trodu_r_e'd-:n Section 4.2 —
Section 4.5. I:b;bk- S‘;}E: tion 4.7 and
= =
Section 4.8 jare impl ser-based.,_ robots and
'.;'I e

The procedure of DWA* is shown in Figure 4.1. In DWA#*, a search tree is

maintained, and each tree node represents a robot position. The right side of Figure 4.1

shows the procedure of node expansion. First, the environment information is realized

as interval configuration. Second, the intervals are analyzed to find navigable regions.

Third, for each region, a candidate velocity is found by in-region DWA. Finally, for
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each candidate velocity, a new robot position is computed as a new node. New nodes
are expanded continuously until the tree depth exceeds a constant.

After the expansion stops, the deepest node is determined as goal state (it is
because of the optimality of A* search, which is discussed in appendix), and the
present candidate velocity which can lead the robot to the goal state is selected. Figure

4.2 is an example. In this case, r.qblot has three céﬁdj(.iﬁte_motion commands to choose:
40 B
(1) moving left-forwal'g_i,' (Ez{)noving‘fofward 31@_"(,'3) turn__éightg':and the robot selects

M I'- %_.-. 5

the first command"-w};_i_(':_h car

to the goal state

Expanding
new nodes
Candidate velocities U

Figure 4.1: The process of DWA*

Ly Tagghi 1 J::‘-F:E:._ i —
il s L= N
g o R 1
oy i \ =
' |
Sensorinformation
Robot
Controlcommand

mmm e T e e T e T e e - -
! |
: Interval :
: analysis |
: l Interval information :

i i [}
: A*tree Initial position Region :
: search detection |
: Navigable region :
I information |
| New nodes i |
| In-region DWA :
1
! |
! [}
! [}
! [}
! [}
! 1
! 1
! 1
! 1
! 1
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1000 oou"'{di 3000

o

the robot

The blue 11ne sition jfepresent exp aths. The selected
path is 1ndlcatgzj'-by ar—r f" {5
b }::
4.2 Interve -y
] b
. L et
r _\% ‘:-l' _- 2 -"'1.
- 1::, ": _.-' e

alﬁi‘-" 1m;F§zal is formed by two

= i
Velocity space é&}be @zed&s mn
ST
A =%
lines in the velocity space. f@mﬁiﬁjﬁi{e@kq S;}élght line in velocity space
depicts a circular trajectory in physical space. Hence, an interval in velocity space
means a region between two circular robot trajectories in the physical space.
In DWA*, the velocity space is separated as 181 intervals, and the clearance of
each interval is computed. The clearance is the distance to the closest obstacle if the

robot is asked to move in this interval. Its meaning is the same as the clearance

mentioned in Section III. The intervals blocked by an obstacle are computed as
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following:

_ X0* +yo* —ro’

2(yo—ro) @1

2 2 2
Ry - X0 +yo —r0
2(yo+ro)

Two circular trajectories with radius R1 and R2 are found by the above equation, and
the clearance values of intervals with a radius between R1 and R2 are updated.

There are two merits of using.interval ana.lysis in DWA*. First, the computation
time is reduced. In original DWA; to compute thesclearance values, each obstacle
should be checked for each velocity=vector in dymamic windew, If'the size of dynamic

window is n and the number of obstacl.e_'s;:;o,f the computation complexity is O(0xn).

i -

On the other hand, if the interval analya;is technique is applied,. each obstacle is
processed only once to .update t]lne interval c-learanc;e values ;and;each velocity vector
can be directly determined which interval it belongs to.-.Therefore, the computational
complexity becomes O(0)+O(n). In DWA*, because of look-ahead verification, the
interval configuration may be repeatedly computed for tens or hundreds of times, and
the time cost elimination becomes significant.

The second merit is that the vector field histogram in velocity space can be
constructed so that the concepts of directional approaches can be utilized. For example,

navigable region analysis is applied in DWA* for better performance, it will be

discussed in next section.
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4.3 Region Detection

Navigable region analysis is an important part of directional approaches. In
directional approaches, a navigable region represents a free walking area [9: Minguez

& Montano 2004] which conta.lils_ no ﬂ.ﬁstatﬁes .I"'an%-a candidate direction for robot
; a"l-'r-a.“i' 2=
N o o
motion is derived foghpi%naVlgab}e?re 1011*%51 reallzl‘_é t'hp environment of the

:.:"l v J - | | '-“{, . _l.r'

robot’s neighborﬁbb robggmb‘l&'on space can be

o) "'1 D

reduced reasor'l'bbly =

g =
leferent__j‘_.‘ron:I VF n is deﬁ;'n_ed as a set of

'-ll-. e, - r"'l.
motions which can I%fd t area) Thsrefore similar

5_'5_-_ L0 R
methods in dlrectlonal pﬁr?a T 1%npr(rpq1;\mot10ns while the
' f:l 4 :5,;__. rm r
merits of velocity space approaches-a‘r'e still -presé?v'f:d i

R b ey
= O oy 1) Lol

In DWA*, a navigable region is composed of two contiguous interval
discontinuities, the interval discontinuity and navigable region are defined as follows:

. Interval discontinuity: An interval discontinuity exists between two adjacent
intervals i and ] if they satisfy one of the following
conditions: |dist(i)—dist(j)| >2R or (dist(i)—d,)(dist(j)—d,)>0 . Here
dist(i) means the clearance value of intervali, Rrepresents robot radius and d, is
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a threshold value. Both of the two conditions imply that there is a passable
gateway for the robot.

. Navigable region: A navigable region exists between two adjacent interval
discontinuities if at least one of them is rising. A rising discontinuity is defined as

follows: Given a region V and a discontinuity formed by two adjacent intervals

iand j, iis on the edge ﬁlﬁlhﬁ@-t@m% the discontinuity is rising for

P e W
Vif dlst(l)>d|51(:?3"|='{':I | -'5':!- —% LT

= @.
& O
L

Figure 4. 3ﬁstrates : i atinuities (d1~d6) and three

."l-.:l
both rising foﬁl and

i =y

S f'br"bv@mg obstacles.
e ,-..f'

e rggqﬁ:'t_t_:éjectories of v=0,

-a._.-

R3. All the 1ntHé'_%:Xr; R
-[ﬂ-.. =
Note that d1 and ¢ fg;

o
o

= b eidl,
that is, rotating at the sari'jéﬁ%z-_—!:{zl ™ 1§t
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Figure 4.3: An example of region detection.
(a) Robot in the physical space.
(b)Vector field histogram in velocity space, the x-axis indicates different trajectories and

the y-axis indicates interval clearances.
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4.4 Set of Situations

For each navigable region, a candidate velocity is derived by in-region DWA
However, it is reasonable to apply different policies in different type of regions. Figure

4.4 shows all region types defined in DWA*. In DWA*, navigable regions are

classified according to width and safety defined as follows:
i

. High safety wide reqlor‘.,('H SWR)':E- The rol:pt_ls 1rﬂfrg

] L-j! —II_

1:_safety state, that is, there

are no obstacbe in ﬂ‘% “fo “che reglon is wide. The

& !.l—
navigable gm%':"ﬁ ‘C’:p-%;__.'_@f-_'ulilervals in this
"--- " =
region exceeds a constant s, - =
o pt - ‘ -.7
B o g
- High safety narro (HSNR):| The roLo is .-safeiy,istate and the
e ?“ .-"g‘ T
:-._ i '\h-
region is namipw "'-* ,.-":-.a-. Py
:":- 1"|

. High safety goal'jh reg{;m{w

ﬁ&&g’h sﬁ,lfety state and the goal
e g
can be reached in 11ttle tlme f thﬁ.rolfft _nzjovef ana n]'aJ ectory in this region.

. Low safety 1 (LS1): Robot is in low safety state, that is, there are obstacles in the

robot’s security region, and the obstacles are only on one side of this navigable

region.

. Low safety 2 (LS2): LS2 means that the robot is in low safety state and the

obstacles are on both sides of this navigable region.
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following objective function:

o(1)-heading(v, w) + a(2) - dist(v, w) + (3) - vel (v, W)

. 4.2)
+a(4)-margin(v, w)

It is almost the same as Eq. (3.1), except the modification ofheading(v,w)and the

addition of margin(v, w) .

Before describing these objective functions, the definitions of several significant

terms are discussed as follows.
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« ITVi(v,w): It depicts the index of the interval which contains the velocity
vector (V,wW). In DWA*, the velocity space is divided as 181 intervals and
ITVi(v,w)is computed as follows:

ITVi(v, W) = {atanz(v, W)x%+ o.sJ (4.3)

. GoallTVi : It depicts the index of the interval which contains(V,

g-Wg), and the

trajectory of (Vg,Wg)passc Iﬁhﬁ’.@(ﬂi‘%@g&f the goal location related the
P AT
robot coordlnate.tqr jfx ), GoallTViis puted q\c\oﬂﬁys

"':.""

Goal I TVi = J'Ef'an_z_(?;g - - E-. (4.4)

el r-;;_f:"h el 1'%
. ITVr(V),"ﬁVI(V) "E-:er ‘1#‘ region V
l.'.l e
]
(an LI
here  ITVr(V "SI be computed
= i
L!'II‘ L H
- Y
as| ITVr(\/.Ia—‘I-W _::ﬁ
’1}. Ay !
« ITVQ(V): If' i nV“-:T‘lEIts term is used to

.“-'?".l

compute headi ng(v 1@1" }Eor dxﬁ‘e-il':'ent ;ypeslgﬂ reg _iq_-g'-:HTVg(V )is designed as
i S 5 iy [0 (&

follows:

- HSWR:if (ITVg—ITVr|<[ITVg—1TVI))

ITVg = ITVr:
else
ITVg = ITVI;
. H\R: |TVQZM

.  HSGR:ITVg=Goal ITV
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. LSI: If (the obstacles are on theright side)

ITVg = ITVI;
else
ITVg=1TVr;
. LS2: |TVQZM

In DWA*, heading(v,w) is modified as follows:

heading(v, w)

{ IO e

V =Theregion contains "i: E}.-E
B ST
r o
&

(4.5)

}

graze obstaclgéq Hence, the collisi - of noise and contr‘l-éerror can be
.__l?_.‘,'- &
duced E;":'
reduced. '-'-' ol
= & 7 APy, %.,,
margin(v, w) -—é . "
{ T o vy
V =Theregion contal ) . (4.6)
L |
i 7
return -
H

4.6 Look-Ahead Verification

After the candidate velocities are derived, a projected robot position is predicted
as a new node for each candidate velocity. Given the present position(X,y,8) and a
candidate velocity (V, W) , the new position is computed as follows:
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x'=x+v-At-cos(6’+W'At

)

w- At

y'=y+V-At-sin(@+ ) 4.7)

0'=0+w-At

where At depicts the predicted time length. The larger Atis selected, the wider area can
be explored by the look-ahead verification with the same search depth. However, if
At is too large, the robot may be not able to find relatively narrow doors.

As mentioned in Section 2.1, A% designs=a-cost function f(n)for each node.

The function represents the e€stimated total cost of getting-to goal through noden. At

the beginning of cach'iteration, the=node with the minimum:f(R)is selected as the

| g )
robot’s position, and steps in Se¢tion 4:2=4:5:are repeated. In this thesis, the robot is
.

wished to reach the goal in Minimum tife, Hence,| the earliest-version of the cost

function is designed as follows: |

f (n) = g(start,n)+h(n, goal)- . :
g(ny, ) = At - (depth(n,) —depth(n;)) (4.8)
dist(n;,n,)

max

h(n;,ny) =
Where g(n) equals the predicted time length multiplying the depth of noden, that is,
the actual time cost of moving to node n, and h(n,n,)is the straight distance
between node nand the goal location divided by the maximum velocity of the robot.
h(n;,n,) is admissible, that is, never over-estimated, as discussed in appendix.

Though the first version of cost function helps solving local minima problem,

sometimes it causes the robot to accelerate or to decelerate rapidly. Hence, for
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smoother navigation, the g(n)term is modified as follows:

N
g(n,m) =Y c(ny,n)

n=n,
c(ny,n,) = At- (depth(n,) — depth(n,)) (4.9)
+ 01 V() = V() [+, | W, ) —W(ny) |

where v(n) and W(Nn) represent the translational velocity and rotational velocity of robot

in node n, and nyrepresents the parent node of n. In the modified version of cost

o W LS o8
! i,
function, the accumulatloﬁl.akvelomty%varlatloq-l&alsd &@dered as cost. Thus, the

Ju—_'F —i:' r

robot can generate sﬂﬁoothﬁrﬁ'

Ao
,_u’ iy Ll-__
& "'i':'l"' ﬁ"':-' B,
4.7 Implgmeint 7 Rgbct;s
Bl "y
For robots equlp _{thnctlon h(n) can

" _H!_erec‘tﬁ-‘téc}ml}que in ND is applied.
:E;na-_

In ND, the raw laser data is uﬂz&ﬁ- tp;l,fm? QTE h t e env1ronment A gap is a

" -J'
be applied to improve @ p ang; 0
W
7"-r| '| ‘_4:‘_
discontinuity in laser reading histogram and depicts a potentially passable gate for the
robot. When the goal location is not in the region covered by laser beam, it is evident
that the robot must pass one of the gates to reach goal. For this reason, a new version

of heuristic function is designed as follows:
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If (nisindoor for g)
dist(n, g)+dist(g,goa|)).
Vmax ’

else (4.10)
dist(n,goal)

hy(n,9) =rgrgg(

hy(n,g)=

max

h(n. goal) = min(hy (n. )

where G is the union of all passable gates in the environment found by ND,
h(n,goal) is the minimum cost; of 'reaching the goal through one of these gates,
and hy (n, g) means theiestimated time cost of reaching the goal through gate g. Note
that if the expanded node nlocates out of the gate @(the verification method is

showed in appendix), it is assumed' that jthe, robot can reach the goal from
| g
T

node n without visiting gate g . 7In=_t-his case, hg(n,g) is still defined
'

1
i

as dist(n, goal ) divided by Vi, - - 5 T

For cost function 1 and cost funétion 2, ithe 7jnformation utilizing rate is
proportional to the maximum: searchidepthsOn the other hand, with the help of door
detection, the information of environment far from the robot can also be utilized by

cost function 3 to make a better estimation. Therefore, DWA* can overcome local

minima problem with less search depth.

4.8 Implementation on Sonar-Based M obile Robots
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On sonar-based mobile robots, collisions may happen because of the limited
sensor system. Figure 4.5 compares the scenarios by using sonar reading and laser
reading. Figure 4.5(b) shows obstacles detected by laser range finder and Figure 4.5(c)
shows obstacles detected by sonar. For compensating the blind corners of sonar sensors,

a First-In-First-Out obstacle queue is built to record the last 5 sonar measurements (In

the simulation cases, it equals léﬂi@mzt dgz&::?;er compared with laser data,

-
-'
r

A2 G -k rg 45
the accuracy of sonar: l‘:!l )I?UH le‘;"—ﬁ'oor I serious] ei&gt the performance of

*\-.-a: 1:""

DWA*. For exa & e, i in Fi rlgl%gge!ﬁ- impassable for
E

L

the robot. If th'!.ig'zgoal loc 10n is 1 thH er r1

l.'_l

the door but tu;ﬁ} I'lnglt t :ﬁ

-\..ll
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&
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al. 2005] is adde%;@
cti ; J%ls demgr@s fo
SETE oy

it will perform wall- foll

v = vm-i-H @.11)
dQVe E
2
f—sign(o)-—
W=y (D) (4.12)
2

wherev,, andw,, are the maximum translational and rotational velocities of the
robot. dg, . is a constant depicts the size of security region. 8 and d represent the

direction and distance of the nearest obstacle in the robot’s coordinate. The robot
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switches to bug algorithm ifd < dg,, . In this mode, the robot always moves toward the
direction parallel to the nearest obstacle and decelerates when it is close to obstacles.
With the help of the bug algorithm, the safety of sonar-based robots can be raised

substantially. Nevertheless, it is not an ideal algorithm for high-speed navigation.

When sensory information is good enough, adding the bug algorithm may lower the
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Chapter 5

Simulation Results
ST s

E
‘.l'\. '.'"-' _1 -‘_ -t:- _:lf ‘f;>
In this chapter B?IOH rds‘érlﬂ of D‘&'»'ﬁ’*2 on eré@t types of robots are

.'J-

demonstrated. In%ctlon 5.1 é format of simulation data
o ] ﬂ:I‘II:_: Y
h. _:’:1 \.lil-:ll'l
are 1ntroduce%ﬂ’ he results of ased mobile robot§:,_l'zlire shown in
~ ~
ey * 5
Section 5.2 aﬁg the re robots are shown in
e r-_.;
AL |
Section5.3. 7- L _.-.,i-:
iy P
'-?:; ':ﬂ F ¥
B s o
T '-'I:_n- . @-, =)
-.l::) g r?-,.' ghd. o
5.1 Simulation i-étq‘or -

e i.-'}’?j JEe =

The simulation platform is the simulator developed by ActivMedia Robotics,
LLC, for Pioneer 3™ robot. The Pioneer 3 robot is a circular differential robot, its
maximum velocity is 0.5m/s. The maximum computational time of DWA* is limited in
0.25 seconds. If look-ahead verification is not able to find goal state in 0.25 second, the

node with maximum depth in the present tree is selected as the goal state. So there is
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no need to worry that the addition of look-ahead verification may lower the robot’s
reactive speed.
For each case, the following four terms are computed to compare different
algorithms.
« Run time (RT) (sec): Total run time of the simulation.
« Average velocity (AV) (m/s): The average robet’s translational velocity. It is
hoped that the robot can always navigate in-maximum veloeity .
. Average trandlational acceleration (ATA) (m/s®):.Average absolute value of

translational velocity variation. L
| —
i

-
- Average rotational acceleration “(ARA)"(rad/ s*): Average absolute value of
¥

rotational velocity variation. ATA and /E\RA reflect the trajectory smoothness.
In the following ﬁgures,-the fout terms are represented-in 7this form: (RT, AV, ATA,

ARA). Note that DWA* with search-depth nids named as DWA*-n.

5.2 Simulation Resultsfor Laser-Based Robot

In following simulations, the Pioneer 3 robot is equipped with a laser range
finder which can scan the front 180 degrees. Since the laser rage finder provides very
dense and accurate data about the environment, the characteristic of each algorithm can

be demonstrated clearly.
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Three simulation results are shown in this section. The first result shows the
effects of region analysis and look-ahead verification, the second and the third results
are presented to compare the differences of the three cost functions shown as Eq. (4.8),
Eq. (4.9), and Eq. (4.10). Where Eq. (4.8) is the simplest cost function defined by
intuition. Eq. (4.9) is a modified cost function which takes care of trajectory
smoothness. Eq. (4.10) is a modified version Eq. (4:9), ND technique is applied to
design a more reasonable heuristic function.

Figure 5.1 shows the first simulation result. The effects of, region analysis and

look-ahead verification are shown in.this case! In.this situation, the robot has to pass
|
" ——

through two doors to reach the goal, aﬁciiﬂl?gfiginal DWA gets stuck in local minima
i
and cannot pass throtigh the first do:or. F igu}c 5.1(c)-(f) are results of DWA™* with cost
function 1 (see Eq. (4.8)). Th(? ;DWA*-I algorithI;fl ;:a_r_l pass “through the first door
because improper motions commands are diltered: by the region analysis. However,
when the robot approaches the second door, the cost values of turning left to pass
through the second door and turning right are almost the same. Hence, in this scenario,
the DWA*-1 algorithm chooses to turn right and gets stuck. In order to overcome this
problem, the DWA*-5 algorithm can used to move back and pass through the second

door. However, it may spend more time on generating this trajectory. Figure 5.1(g)-(1)

shows the results of using DWA* with cost function 2, namely (see Eq. (4.9)). Figure
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10(g) shows that cost function 2 affects the exploring ability of DWA*. Nevertheless,
with enough search depth, DWA* with cost function 2 can perform much better than
that with cost function 1. As shown in Figure 5.1(i), with the consideration of
trajectory smoothness, the robot chooses to pass the second door and avoids vibrating
in front of the door, as shown in Figure 5.1(c) and (e).

Figure 5.2 presents the effect of cost function 3. In this case, the robot needs to
get rid of a typical local trap.to reach goal. It"can'be seen that the original DWA gets
stuck in the local minima easily. And DWA* needs a high search depth to overcome

this local trap using cost/function 1 or 2i On the-ether hand, with cost function 3, the
|
" ——

robot can detect narrow doors and mb;ﬁz-;véfd them earlier. As shown in Figure
1

5.2(g), with cost fun¢tion 3, the robé)t can bé aware 0fithe narrow doer at the beginning

and achieve a smoother havigat%o!ll than that shown i.n F ig,yre 5.2(e).

Figure 5.3 shows the simulatiof-results the third scenario. In this case, the robot
needs to go through a narrow and winding passage. The scenario is difficult for many
local methods. In Figure 5.3(a), it can be seen that the original DWA falls soon from
the starting location. On the other hand, DWA* can successfully complete the task
because of region analysis and look-ahead verification. Comparing Figure 5.3(c) and

Figure 5.3(e), although DWA*-5 with cost function 1 is able to overcome local minima

problem, DWA*-5 with cost function 2 achieves faster and smoother navigation
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because of the consideration of trajectory smoothness. Figure 5.3(g) shows the result of
DWA*-5 with cost function 3. With the modified heuristic function, DWA* can
correctly predict the direction of exit from the beginning and perform even better than

that shown in Figure 5.3(e).

In the above simulation results, we can find that DWA* perform better as the

performs best.in
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(a) DWA result.'b.'éﬁ
(b) Velocity-time )
(c) DWA*-1, costl @t (5077707
(d) Velocity-time plot 0‘!'%-_3_:3]@*?{1{ c%lt.result
(e) DWA*-5, costl result: (i 33 0.34,1.27)
(f) Velocity-time plot of DWA*-5, oﬂ:ﬂﬁ&zj_ﬁﬂ
(g) DWA*-1, cost2 result: (9.52, 0.33, 0.14, 0.10)
(h) Velocity-time plot of DWA*-1, cost2 result.

(1) DWA*-5, cost2 result: (25.91, 0.44, 0.08, 0.22)
(j) Velocity-time plot of DWA*-5, cost2 result.
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- IS
5.3 Simulation i
g, b A
.,-::j_ ""%\é | i f:":-*'__:-" b
.1;2_ _-,_ X _-
In following ca'érg‘s- S eehulpﬁh\h h.lf6 sonar sensors. As
";:' 5 =3 :Eﬁ' o

ey
mentioned in Section 4.8, an Gbs@]nﬂlpﬁgy?fh-j m&xﬂlum size of 80 is maintained.

Since the ND technique is specifically designed for laser data, the cost function 2 is

used for the sonar-based robots. The velocity of the Pioneer 3 robot is limited to 0.4m/s

for safety reason.

Two simulation cases are shown in this section. The first case is in a narrow

place, this case presents the effect of bug algorithm. The second case is in a situation

with two narrow doors, this case shows that DWA* is able to pass narrow doors even
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with relatively poor sensory information.

The fourth simulation result is shown in Figure 5.4. The environment in this case
is similar to the simulation case 3. Figure 5.4(a) and Figure 5.4(e) show that the
original DWA has difficulty to avoid local minima whether laser or sonar data is
utilized. The result of DWA*-8 on laser-based robot is shown in Figure 5.4(g).
Although the robot selects improper motion command for several times due to wrong
sensory information, collisions are lavoided by Switching to the bug algorithm. As a
result, DWA*-8 can overcome the complex situation using.sonar data.

The fifth simulation result is presented in-Eigure 5.5. It is like the situation in
| g
i

simulation result 1. As shown in casé—.ﬁ;gv-i;th 70riginal DWA, either laser-based or
i

sonar-based robots ate not able to :escape' from the local minima. ©n the other hand,
laser-based robot with DWA*-S :can reach the goal. With: high speed and smoothness.
Sonar-based robot with DWA*-8 megets difficulty to pass through the second door
because of poor sensory information (as depicted in Figure 4.5), but it can still go back
and arrive goal.

As a result, compared to laser-based robot, sonar-based robot has difficulty to
navigate in narrow places or pass narrow doors using pure DWA* because of the poor

sensory information. However, with the addition of bug algorithm, the robot can apply

DWA* to move on proper directions in broad areas and switch to bug algorithm to pass
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narrow places safely.
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Chapter 6

Experimental Results

5 . -
J- - -& ™ s

{
demonstrated. Se@qor_l_'g 1 sh

B '
]'l L
¥ =
In this section, the-"q:x,perlm:ﬁtal results }'53'-’[) li*_"hh laser-based robot are

O RO

presented. Experimental result 1 is shown in

e

igure 6.1. Although this environment is
similar as that in Figure 5.3, the obstacle distribution in real environment is much
messier than that in simulation. However, DWA* is still able to drive the robot to the
goal position in high speed and smoothness.

Experimental result 2 is shown in Figure 6.2; the merits of DWA* are strongly

demonstrated in this experiment. In this scenario, the robot has to pass a broad area and
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then go through a narrow passage. Because of region analysis, DWA* can detect the
entrance of the narrow passage when the robot is in the position shown in Figure 6.2(c).
Therefore, the robot can make a smooth turn to go into the passage. With the help of
look-ahead verification, DWA™* can select control commands by evaluating their

consequences after several steps, so the robot can pass the narrow passage without
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Figure 6.1: ExpElmental :
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Figure 6.2: Exp‘_@mental ‘ ﬁ P

- et -
(a) DWA*-8, cost3, laser .52, 0.47,0.08, 0. e

wkl % o,
(b) Velocity-timéq:;'lo D cost3, la sult. | 4 ~ ,EI-"'
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(e)Snapshot 3. R : o
(f)Snapshot 4.
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6.2 Experimental Resultsfor Sonar-Based Robot

In this section, the experimental results of DWA* on sonar-based robot are
presented. The real dead-reckoning system performs worse and the error rate of
recorded sensory information is higher than that in simulations. Hence, the role of bug
algorithm becomes more important.

Experimental result 3 is. demonstrated in“Figure 6.3..In this case, the robot has to
pass through three narrow doors, as shown in Figure 6:3(c), (e), and (f). Although

DWA?* can pass through the first and second deors smoothly, it meets problem in
| —
i

Figure 6.3(¢) and (f). In Figure 6.3(¢), because’of the dead cormers of sonar system, the

i
1

robot considers that there are no ob:stacles' ;n-d move toward the wall. In Figure 6.3(f),
due to the error of sonar readirnlg and dead reckor;in'g 7§ystem, DWA* computes the
position of the narrow deor mistakenly and move toward the wall again. However,
with the help of the bug algorithm, the robot still can reach goal without collision.
Experimental result 4 is shown in Figure 6.4; the scenario is the same as that in
Figure 6.1. Although the environment is a little broader than that in Figure 6.3, it is
more winding. In this case, it can be seen that DWA* is able to select correct direction
for approaching the goal location. Collisions due to sensor error are avoided by using

the bug algorithm, as shown in Figure 6.4(c), (e), and (f).
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(a) DWA*-8, ¢ t
(b) Velocity-tim

(c)Snapshot 1. =
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Figure 6.4: Expei'ﬁlhehtﬁ‘re
(a) DWA*-8, costi-sonar resu
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Chapter 7
Discussion

In this thesis, a newly developed reactive navigation method, called DWA* is
presented. With the additionfof region analysis and thelook-ahead verification, the

DWA* algorithm can jutilize environmental .nformation ‘effectively to achieve

o i

; ::l- - . . . . .
high-speed, smooth and local-minima=free .navigation even'in narrow and winding
¥

environments. 7 r=

The DWA* algofithm cail be divided into th@ following three steps: (1)
constructing motion space, (2) filteting and classifying. motion commands, and (3)
look-ahead verification. Under this framework, velocity approaches, directional
approaches and global methods are integrated systematically. Since these three steps
can be modified independently, DWA* has high flexibility. For example, although
DWA* in this thesis is designed for wheeled robots, after the modification of motion
space construction step, it can also be applied on robot arms or legged robots. By

modifying the cost function of look-ahead verification, DWA* can be designed to
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satisfy various kinds of requests.

The most significant feature of DWA* is the employment of region analysis
technique, that is, the part of filtering and classifying motion commands. The filtering
and classifying step can be seen as branch factor reduction of the search tree in
look-ahead verification; it is important for real-time implementation. Compared to the
techniques in directional approaches, in this thesis, region analysis is applied on the
robot motion space to find candidaté velocities but not candidate directions. Therefore,
DWA?* can genetate more reasonable velocity commands.than original DWA and can

navigate much smoother than directionaljapprodches.
| —
T

L
Though DWA* performs well in“many-sccnarios, there are several points to be
%

improved in the future. First, the ﬁlt-ering an-:d' classifying step should be designed more
considerably. In this -thesis, navigable' regions arc, found /by computing the
discontinuities on the clearance histogram of rebot trajectories, and all velocity
commands out of navigable regions are filtered. However, sometimes acceptable
velocity commands may also be filtered. For example, when the robot is in very
narrow place, it may not be able to find navigable regions and get stuck.

Second, new cost functions should be designed for integrating with global
methods and mapping techniques. Though DWA* with cost function 3 in this thesis

can overcome many complex scenarios, since the map information is not recorded,
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DWA* is possible to fall in scenarios which have many doors and only few of them

lead to the goal. On the other hand, presently, the areas which have not been explored

are considered as free space so that collisions may happen because of undetected

obstacles. Mapping techniques and the concepts of uncertainty should be applied to

improve this problem.

Third, better re-planning echnique should be a 441 ed. So far DWA* re-computes
eF

the whole A* search “ﬁbn of T%;h .:-'-.'7' ation, it 1s hoped that
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APPENDI X

A.1 A* Optimality

In A*, if h(n,n,)is adn" ?ELE;I;L—.&{ E{ﬁraéteed that the path to the goal

,J': - -J. ..*.‘ —L- -l:-J

expanded first is thl,-“- _E%mal sj)l-tl't-‘fbn Ti'};_meanm%cxoﬂi;:admissible is never
)

s - || - _’-.-
) |:‘:E:';. |I 5“‘{’ 1 :-'] i
over-estimate, tha:t,:;sz__'_h(nl, s and n;,:

L-'
in the é* search tree,
be ;rovéq as follows:
vy
LAl ""'u:
= g(start,ﬁ9+ g, ~ e
) e A.l
2 gttt R N "if;? A (D

= f(nl) 1 r,':l ._’I':-'l"l.l

i

rrs

Since the node with less ﬁ-'a‘alue is e{p%fnded. earﬁ'éj—’glvexi th nodes g, and g, satisfy
-Lti? j = I "|

the goal condition, and the cost of reacﬁl

e i

1s smaller than reaching g,, g, will be
selected earlier than g, . If the parent node of g, is p, , here we
have f(g,)> f(g,)= f(p,). It shows that p must be selected earlier than g, to
expand g, , and g, will be selected as a solution earlier than g, . Therefore, the optimal

path is guaranteed to be found first.
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A.2 Door Detection

Figure A.1 shows an example of door detection. As discussed in Section 4.3, the

discontinuities on the laser reading histogram are found to derive different navigable

regions. For each navigable region, a door position is computed.

) satisfies the

second condition.
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Figure A.1. Example of door detection.
(a) Robot in environment, the blue lines depicts laser beams.

(b) Laser reading histogram.
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