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Abstract

Small, tracked mobile robots designel for geneal ur-
ban mobility have been develogd for the purpose of
reconnaissan@ and/or search and rescuemissionsin
buildings and cities. Autonomousstair climbing is a
signi cant capability required for many of these mis-
sions. In this paper we presentthe design and im-
plementation of a new set of estimation and control
algorithms that increasethe speed and e®etivenessof
stair climbing. We havedevelogd: (i) a Kalman T-
ter that fusesvisual/laser data with inertial measure-
ments and provides attitude estimates of improved
accuracy at a high rate, and (ii) a physicsbasal con-
troller that minimizes the heading error and maxi-
mizesthe e®etive velaity of the vehicle during stair
climbing. Experimental results using a tracked vehi-
cle validate the improved performance of this control
and estimation schemeover previous approaches.

1 Intro duction

As a signi cant part of many urban reconnaissance
and/or seard and rescue mission scenarios, stairs
are formidable and critical obstacles. Being able to
autonomously climb stairs in a fast, etcient, and
robust way could meanthe di®erencebetweena suc-
cessfulmission and an unsuccessfulbone.

A small, tracked robot (seeFig. 1) designedfor gen-
eral urban mobility is usedin this researt to develop
the algorithms necessaryto autonomously navigate
stairs at high speeds.

Previous approachesto autonomous stair climbing
for tracked vehiclesare presered in [1], [2] and [3].
In [1], the Andros VI mobile robot relies on a set of
accelerometerso measureits attitude. The authors
assumethat the vehicle body accelerationsdue to
the interaction of the tracks with stairs are insignif-
icant comparedto the gravitational acceleration. A
low pass Tter is designedfor reducing the e®ectof

Figur e 1. Vehicle climbing stairs.

the external disturbancesbefore communicating the
attitude estimatesto the track speed cortroller. A
simple kinematic model is employed for the design
of a proportional cortrol law. The gains and the
bandwidth of the cortroller are determined experi-
mentally.

In [2], a similar PD cortroller is implemented which
is also basedon the kinematics of the vehicle. The
main cortribution of this work is the incorporation
of a variety of sensordfor determining the attitude of
the robot: (i) a set of accelerometersthat measure
the local projection of the gravitational acceleration,
(i) avision-basededgedetection sensormodule, and
(i) an array of sonarsthat measuredistancesto the
sidesof the stairwell. A rule-basedarbiter wasdevel-
oped for deciding when to processinformation from
ead of these sensors.No more than one sensorwas
usedat the sametime.

Finally, in [3] a single forward-looking camerawas
used as the basic navigation sensor. Edge detection
algorithms applied to the cameraimagesallowed for
estimation of heading angle, 1, and certer position
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Figur e 2: Diagram of vehicle.

g—; (seeFig. 2) at approximately 4 Hz. Heading an-
gle and certer position were then heuristically com-
bined to regulate the two track speedsto keep the

vehicle heading directly up the stairs while remain-
ing in the center of the staircase. Due to the time

between measuremets of 0.25 sec, the top speed
of the vehicle during stair climbing was limited by

this approadc. Here, similar to [1] and [2], a sim-
plied kinematics-basedproportional cortroller was
employedfor keepingthe vehicleperpendicular to the

stair edges. In addition, a separatecortrol law was
implemented for steeringthe vehicletowardsthe cen-
ter of the stairwell when approading its sides. This

work is described in more detail in Section 3.

In this paper we preser a set of new estimation and
control algorithms for improving the speed, accu-
racy, and e®ectivenessof autonomousstair climbing.

Our main motivation has been the introduction of
a new medanical chassiswith enhancedcapabilities
in terms of torque and maximum velocity. Speci -

cally, the new version of the robot hasa top speedof
approximately 2:0m=s (on °at ground) comparedto

the previous vehicle'smaximum velocity of 0:80m=s.

This increasein speedhasresulted in faster dynam-
ics for the vehicle and has ampli ed the magnitude
of the disturbances. These additional challengesac-
certuated the de ciencies of the previous approac

and heightened the necessiy for a new set of esti-
mation and cortrol algorithms capable of processing
information from a diverseset of sensorsand of op-
erating at a signi cantly higher rate (30 Hz for the

cortroller comparedto 4 Hz previously).

The main cortributions of this paper are: (i) the

developmert of a Kalman “Tter estimator for opti-

mally fusing all attitude measuremets provided by

avariety of sensors(ii) the implemertation and test-

ing, both in simulation and experimert, of a physics
basedcortrol law for e®ectiely navigating the robot

up the stairs while preverting collisions with the

sidesof the stairwell.

The new stair climbing algorithm can be divided into

v e discrete componerts: (i) a vision-based head-
ing and certer position estimator, (i) a laser-based
headingand certer position estimator, (iii) a Kalman

“Tter to merge the laser/vision data with gyro and
tilt sensordata, (iv) a physics-basedheading con-
troller, and (v) a centering cortroller. These algo-
rithms are describedin Sections3 through 6. Section
7 preserts the experimertal results from testing these
algorithms on the actual vehicle. We derive our con-
clusionsin Section 8 and suggestpossibledirections
of future work.

2 Hardw are Description

2.1 Vehicle

The vehicle usedfor this researt has a massof ap-
proximately 20kg and overall dimensionsof 60£ 50£
17 cm (seeFig. 1). It hasthree kinematic degrees
of freedom(DOF): two independertly cortrolled mo-
tors turn the main tracks on the sidesof the vehicle
as well as the tracks on the arms, and one motor
turns both of the arms about a pivot point at the
front of the vehicle. The tracks are made of molded
rubber and are approximately 7:5cm wide, with 1cm
high cleats oriented perpendicular to the motion of
the track and spacedabout 4cm apart.

2.2 Sensors

The sensorsuite used for these algorithms includes
the following sensors: 3 gyroscopes, a 2 DOF elec-
trolytic tilt sensor,a pair of cameras,and a LAD AR.

Only oneof the cameraswas usedby the edgedetec-
tion algorithm described in Section 3.

The gyroscopes are Systron-Donner QRS11 solid-
state gyros with operational rangesof § 200*=s. The
tilt sensoris part of a Precision Navigation TCM2-

50 magnetometer and tilt sensor padage and has
a range of 8 50* of roll and pitch. The stereo pair

consists of two Videology 20VC3405 B/W cameras
with frame-grabbers that provide 640 x 480 resolu-
tion. The LADAR is a SICK LMS-200, a single axis
laser scannerwith a 180° eld of view and a 75 Hz
scanrate. The range of the scanneris calculated us-
ing a pulsed time-of-°ight measuremeh with a 905
nm laser. This sensoris capableof 0:25* samplespac-
ing and in its default mode has a maximum range of
8 meters, 1 mm resolution and § 5 mm accuracy



3 Vision Algorithm

The vision algorithm incorporated in our systemes-
timates vehicle heading, 4, and certer position, g—;,
(seeFig. 2). The interested readeris referred to [3]
for a detailed description. Here we summarize its
main features.
The algorithm is divided into two consecutiwe steps.
The rst of thesestepsis edgedetection and linking.
In order to increaserobustnessto varying conditions,
such asthose within shadavy and low contrast envi-
ronmerts, a low threshold was selectedfor the edge
detection algorithm. While this choice maximizes
the likelihood of detection of an existing edge,it also
increasesthe frequency of false positives. Appropri-
ate “Ttering is introduced to reduce the number of
detected edges. These lters include straight line,
parallel and close, and length “Tters. Additionally,
linking of small collinear edgesthat are closeto one
another is performed.
The secondstepis to estimate the heading and center
position from the resulting edges.With the assump-
tion that the vehicle body plane and the stair edge
plane are parallel, there exists a direct mapping from
the edgeendpoints in the image frame to the vehicle
heading: u . q
|
Om 1 ¥0) @
where k is the slope of the 2D stair edge,yn is the
y-intercept of the edge,and y, is one coordinate of
the projection certer of the image plane. A gure
of merit, G,, is asswiated with the estimation of
heading: p

K= arctan

L
G“ - p edges —h (2)
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edges /ft
where L, is the horizontal length of eat detected
edgeand % is the assaiated uncertainty approxi-

mated as: 1
Y = — 3
Ty ®)
Finally, the ratio of the distancesfrom the left and
right endpoints of the stair edgesis calculated with

simple distance equations.

4 Laser Algorithm

Lik e the vision-basedalgorithm discussedabove, the
laser algorithm produces both a heading measure-
ment and an estimate of how well-certered the robot
is within the stairway. Becausethe LAD AR per-
forms seweral functions in addition to its stair climb-
ing role, it must be mounted suc that the scanning
plane is perpendicular to the robot's vertical axis.
In this con guration, the LAD AR cannot view indi-
vidual stepswhile climbing. Instead the laser algo-
rithm detects straight line segmems which are pre-

sumedto represent solid walls bounding one or more
sides of the stairwell. Some stairways are bounded
by balustrades(vertical posts)which support a hand
railing rather than a solid wall. The current imple-
mertation does not handle this casealthough sud
an enhancemenh would be straightforward.
The algorithm “rst usesa robust estimation tech-
nique to nd straight line segmers within a scan.
Those line segmetts are then usedto compute the
robot's heading and distancesto the walls on eadh
side.
Each individual scan consists of 361 range mea-
suremeris obtained at 0:5* intervals in a counter-
clockwise direction. Although the laseris physically
rotating at a 75Hzrate, serial throughput limits the
e®ective scanrate to approximately 10 Hz. A slid-
ing window determines a subset of the scan'srange
measuremeis which are then fed into the line- tting
algorithm. If a line that adequately approximates
that subsetis found, the window is extendedto in-
clude additional measuremets and the line- tting
algorithm is applied again. This stepis iterated upon
until no adequatelinear approximation can be iden-
tied. At this point the parameters of the line seg-
mernt are recorded, the window is shifted to a point
just past the previous subset, and the sameprocess
is repeated.

Fig. 3 shaws a single laser scan obtained during
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Figur e 3: An example laser scan captured during
a stair climbing run. The robot is located at the
origin and those range sampleswhich have beende-
termined to be part of the rst line segmen (in this
casethe right-hand wall) are drawn as greencircles.
The short solid greenand dashedred lines extending
from the origin indicate the laserdetermined heading
and estimated inertial heading respectively.

a stair-climbing run. The two walls bounding the
stairwell are easily identied. The landing is not
directly seenin the laser data but begins approx-
imately where the left wall ends. The line “tting



itself is basedon a random-sampling least median of
squarestechnique [4]. First, a pair of points from the
data within the sliding window is randomly selected.
The median distance betweenthe line determined by
thesetwo samplesand the distanceto ead of the re-
maining measuremets of the data setis then calcu-
lated. If the median error (or alternativ ely the m-th
largest error) is within a preset threshold, the data
setis determined to be suxciently approximated by
the line containing the two test points. If the thresh-
old is exceeded,a di®erent pair of points is selected
at random from the data setand the test is repeated.
If, after a predetermined number of attempts, no sat-
isfactory line hasbeenfound, the line-"tting portion
of the algorithm returns failure.

The extraction of robot heading from the set of lines
can be mademore robust by making the following as-
sumptions: (i) the robot's heading is always within
the interval [j 45%; 45 (where 0* denotesthe direc-
tion directly up the stairs) (ii) the visible bounding
walls are either parallel (i.e. the left and right walls)
or perpendicular (the wall at the top of the stairs) to
the stairway. Using the above assumptionsthe head-
ing of the robot can be calculated from any of the
line segmers found within a scanasmod(yali; ¥#2),
where Wy is the direction of the line segmen
Generally, numerousline segmers are found within
a single scandue to the presenceof non-straight line
portions of the wall and becauseof the approximate
nature of the line- tting algorithm. In order to in-
creaseestimation accuracy the measuredheadingis
calculated as the weighted average (by the line seg-
mernt length) of all the identi ed line segmets. The
distancesto the left and right walls are computed in
a similar fashion.

5 Kalman Filter Based Attitude Estima-

tion
5.1 Dynamic Mo del Replacemen t

In order to estimate the attitude of the robot, we
have implemented a Kalman Tter obsener. Sensor
modeling was selectedinstead of dynamic modeling.
The main reasonsfor this are: (i) dynamic modeling
would have to be redone every time there is a mod-
i cation to the robot, (i) dynamic model-basedob-
senersrequire a large number of statesthat increase
the computational needswithout producing superior
results [5]. Finally, the corvergenceof the resulting
estimator does not rely on the availability of a pre-
cisedynamic model. The obsenability of the system
depends solely on the type of sensormeasuremets
available to the system?

1The interested reader is referred to [6] or [7] for a detailed
discussion on the subject of sensorvs. dynamic modeling.

5.2 Attitude Kinematics and Error State

Propagation Equations

The three-parameter Euler angle represetation has
been used in most applications of the Kalman T

ter in robot localization [8, 9]. Howewer the kine-
matic equations for Euler anglesinvolve non-linear
and computationally expensive trigonometric func-
tions. The computational cost using quaternions is
lessthan using Euler angles. It is also more compact
becauseonly four parameters, rather than nine, are
needed. Furthermore, in the Euler angle represerta-
tion the anglesbecomeunde ned for somerotations
(the gimbal lock situation) which causesproblemsin
Kalman Ttering applications [10, 11]. Among all the
represertations for nite rotations, only those of four
parametersbehave well for arbitrary rotations [12].

The physical counterparts of quaternions are the ro-
tational axis, A, and the rotational angle, y, that
are usedin the Euler theorem regarding "nite rota-
tions. Taking the vector part of a quaternion and
normalizing it, we can nd the rotational axis, and
from the last parameter we can obtain the angle of
rotation [13]. Following the notation in [14] a unit
guaternion is de ned as:

B

g _ . Asinp=2 *

o cosp=2 )

q =
with the constraint q'q = 1, A = [ny nynz]T is the
unit vector of the axis of rotation and p is the angle
of rotation.

The rate of changeof the quaternion with respect to
time is given by:

Lo = ) ©
L~ L ® 0 j'!s ! 3

(5= B g ibe=4 1y 0 jly5
' i'2 1 O

where + = Lis the rotational velocity vector.
Basedon the gyro model in [15] the angular velocity
~ is related to the gyro output +,, accordingto the
equation:

b=tni Din (6)

with

Efn ()g= 0; Efn ()R] (t9] = N/t t) (7)
whereb is the drift-rate bias and r, is the drift-rate
noiseassumedto be a Gaussianwhite-noise process.
The drift-rate bias is not a static quartity but is

driven by a secondGaussianwhite-noise process,the
gyro drift-rate ramp noise:

B= Ay (8)



with

Elnw(t)] =0 ; E[Ru(t)Ag(t] = Nuti t9: (9)
These two noise processesare assumedto be uncor-
related (E[Ry (t)A] (t9] = 0).

At this point we presen an approximate body-
referencedrepresenation of the error state vector.
The error state includes the bias error and the
guaternion error. The bias error is de ned as the
di®erencebetweenthe true and estimated bias.

¢h=Di B (10)

The quaternion error hereis not the arithmetic dif-
ferencebetweenthe true and estimated (as it is for
the bias error) but it is expressedas the quaternion
which must be composedwith the estimated quater-
nion in order to obtain the true quaternion. That
is:

q=q- ¢ ', q=1q- g (11)
The advantage of this represertation is that sincethe
incremertal quaternion correspondsvery closelyto a
small rotation, the fourth componert will be closeto

unity and thusthe attitude information of interest is
contained in the three vector componert +g where

B

w0 7 (12)

Starting from equations:

d 1 -
EQ— 5'( s (13)
and q 1
aq = E_( He) G (14)

where 1Lis the true rate of change of the attitude

and & is the estimated rate from the measuremets
provided by the gyros, it can be showvn [7] that

d 1 d

Ao ibtmi Bedgi S(ED+Ar) Gk =0
(15)

Using the in nitesimal angle approximation in Eqg.

(4), +¢ can be written as

1
6= S (16)
and thus Eq. (15) can be rewritten as
d
g = b Emi Dol €D+ (17)

Di®erertiating Eq. (10) and making the same as-
sumptions for the true and estimated bias asin Egs.

(6) and (8), the bias error dynamic equation can be

expressedas

d
— = : 1
dt¢‘b Aw (18)
Combining Egs. (17) and (18) we can describe the

error state propagation as

" # . " #
E “—‘H = ib bm i ﬁC i |3£3 iﬂ (19)
dt ¢b O3z 3 03¢ 3 ¢DH
i lags Oz~ Ay
Og3  lags R

or in a more compact form

E(l:x:F(bx+Gn (20)
dt
This last equation describes the system model em-

ployed in the current Kalman Tter implementation

[7].
5.3 Measuremen t Mo del

This estimator combines the gyroscopes angular
rates with the absolute orientation measuremets

from the vision/laser algorithm and the tilt sensor
in order to estimate both the attitude of the vehicle
and the gyro biases. Each of these sensorsmeasures
the projection of a global vector on the sensor'saxes
expressedn the vehicle'slocal coordinates. This in-

formation can be used to update the current esti-

mates of the Tter. For example, if % is the unit

vector along the direction of the gravitational accel-
eration then the actual and estimated measuremets

are:

CT(av + | n
CT(g)¥%

z = |
Zi = :
Where | is the projection matrix, C(q) is the rota-
tional matrix, and f is the sensormeasuremen noise
assumedto be a white-zero mean Gaussianprocess.
The linearized measuremen equation is derived from
the previous relations and it can be shawvn [7] that
is:

¢z=2j z =] CT(q)bvcHi+|n (21)

Finally, the measuremeh matrix and the covariance
of the measuremen noise are given by:

H=!C'(g)bvoc; R="!Efar"g T (22)

As shown in [6], this estimator acts as a high pass
“Tter on the gyro signals by Ttering out the low
frequency noise componert (bias) while weighing
more their contribution during high frequency mo-
tion whenthe vision/laser algorithm is susceptibleto
disturbances. If absolute orientation measuremets



are available continuously, the “Tter is capableof con-
tinuously tracking the gyro biases. In our caseatti-
tude updates are available at a lower rate than the
gyro measuremets. Therefore the TTter updatesthe
bias estimatesonly intermittently (Fig. 4) basedon
its e®ecton the attitude estimatesduring the previ-
ous interval of motion. The resulting attitude esti-
mates are then fed to the cortrol algorithm in order
to determine the appropriate steering commands.

true

0.01 estimate

bias (deg/sec)

008 I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
time (sec)

Figur e 4: Bias Estimation (simulation results): The
°at parts of the estimate depict the constart bias as-
sumption in the integrator. The sharp step changes
occur when absolute attitude measuremets become
available (at 10 Hz).
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Figur e 5: Control systemblack diagram.

6 Control System

6.1 Overview

There are three main goalsof this stair climbing con-
trol algorithm: (i) maximize the time that the vehicle
is headingdirectly up the stairs, (ii) keepthe vehicle

at a safedistance away from the edgesof the stair-
case,(iii) accomplishthe "rst two goalswhile moving
as quickly aspossible.

The rst goal is necessitatedpartly by the obsena-
tion that the actual stair climbing speedis a non-
linear function of the vehicle heading. If the heading
is perturb edslightly o®from zero,track slip increases
dramatically.

Under ideal conditions the rst two goals are not
mutually exclusive and a singletiered corntrol system
could be designedthat would minimize the heading
error while traveling straight up the stairs. As long
asthe vehicle started at the certer of the stairs then
it could be expectedthat it would nish closeto the
certer of the stairs. Unfortunately, there are signi -
cant disturbancesin this systemdue to the complex
interactions of the tracks and the stairs. The mag-
nitude of thesedisturbancesincreaseswith the stair
climbing speed therefore control becomesmore dif-
“cult when attempting to climb stairs at a higher
rate. The fact that the system state is signi cantly
a®ectedby these disturbances createsthe need for
a two tiered cortrol system. This approach mini-
mizesthe heading error while the vehicle is near the
certerline of the stairs. Whenewer the vehicle ap-
proachesthe side of the staircase,the certering con-
troller steersthe robot towards the certerline and
resumesnominal operation as soon as the vehicle is
at a safedistance away from the side of the staircase.
Two state variables are used for corntrol purposes
during stair climbing (seeFig. 2). The rst vari-
able is the heading, |, of the robot expressedin lo-
cal coordinates. This variable is computed basedon
the attitude estimation from the Kalman Tter (Sec-
tion 5). The secondvariable is a normalized distance
from the certer of the stairs, g—; This variable is ob-
tained directly from the vision or the laseralgorithm
described above.

Two di®erent cortrol schemesare implemerted for
eat of these state variables. For the heading, a
model-basedcortrol loop is designed. For the cen-
tering, a step function with hysteresisis used. Both
of thesesthemesare described below; seeFig. 5 for a
systemblock diagram. In order to reducethe cortrol
variable to a singleinput, a constart linear velocity
input is assumed.

Vehicle
Dynamics

w
e Motor
Controller

Figur e 6: Motor subsystemblock diagram.




6.2 Heading Control

Mo del. An approximate dynamic vehicle system
model basedon rst principles is developed in order
to design a heading cortroller for use during stair
climbing. This model-basedapproac is selectedbe-
causemost of the developed systematic tools for the
designand analysisof feedbad cortrollers rely onthe
existenceof a dynamic model. This is alsoimportant
sinceit allows for the characterization of the inher-
ent instability of the vehicle during open-loop stair
climbing. This instability results from the fact that
the certer of rotation is below the certer of gravity
of the vehicle (seeFig. 2), creating a classicinverted
pendulum control problem. A detailed description
of modeling techniques for tracked vehiclesis pre-
serted in [16] and [17]. Here we have approximated
the dynamics of the tracked vehicle climbing stairs as
a rst order linear system. This approximation does
not invalidate the model, it simply limits its range of
application. The main advantage of this linearized
model is that it increasesthe number of formal con-
trol systemdesigntechniquesavailable when design-
ing the heading cortroller.

The model consistsof two motor subsystemgseeFig.
6) and a vehicle dynamics model.

Each motor cortroller is modeledasa PD cortroller,

Kp + kas (23)
and each motor is modeledasa rst order system,

km i
s+ 1

(24)

As can be determined from the open-loop step re-
sponse of the motor, its rise time is approximately
¢ = 20ms. This is extremely fast comparedto the
dynamics of the vehicle, thus a kinematic relation-
ship betweenthe rotation velocity error of the mo-
tor, ' merr = "m_desi ! m, and motor torque, Tp,,
closely approximates the motor cortroller dynamics.
This relationship can be expressedas

Tm = Kme! m_err (25)

where k. is de'ned as the motor controller gain.
By applying the Final Value Theoremto Eq. (23), it
canbe shown that ky,c = kp. The rotational velocity
of the vehicle, ! en, the track velocity, Vi ack, the
torque about the point O, Tp, and the force exerted
by ead track, Fy ack, are given by:

ven = (Mi Vr)=b (26)
Virack = !'m Is=Ng (27)
To = (b2)(FLi Fr) (28)
Frak = Tm(ng=rs) (29)

where the subscript tr ack can mean either L or R
depending on the side being referred to, V. and Vg
are left and right track velocities, respectively, b is
the distance betweenthe tracks, ! , is the angular
velocity of the corresponding motor, rg is radius of
the sprocket that drivesthe track, and ng is the gear
ratio betweenthe motor and the sprocket. Substi-
tuting in Egs. (28) and (29) the error equationscor-
responding to Eqgs. (26) and (27) the relationship
between! ,en and To, is:

To = Kven! veh_err = Kven(! veh_des i !ven) (30)

where
Kveh = (Kmc=2)(b ng:rs)z: (31)

The vehicle dynamics are modeled as
! venlz = To + mgdcg sin®sinpj M, (32)

where ! ¢ is the rotational acceleration, |, is the
momert of inertia, m is the mass,g is gravitational

acceleration, dc g is the longitudinal distance from
the certer of gravity to point O, pis the heading, M,
is the turning resistance,and ® is the inclination of
the staircase. Replacing kgray for mgde sin®, and
invoking the small angleapproximation for siny, this
model can be written in standard state-spaceform:

X1 0 17 xi°
= K _—
)SZ glr:v | I\;eh X2
0 ° o °
+ oy, o+

Kven ! veh _des (33)
| |
wherex; is pand X, is ! yen.
Most of these parameters, such asdcg, I's, and ng,
are easily measuredor are known parameters of the
vehicle. M, is calculated as:

M, = W =2L (34)

where W is the weight of the vehicle, L is the
cortact length of the tracks, and * is the coexcient
of lateral resistance estimated from experimental
data in [18]. |, is computed by weighing individual
subcomponerts of the vehicle and measuring their
location relative to the CG.

Controller Design. Once the state-spacemodel
showvn in Eq. (33) is deweloped, many techniques
can be employed to designthe cortroller. The de-
sign technique selectedfor this application is a pole
placemen method. This approad has the advan-
tage of being able to explicitly specify the resulting
dynamics of the controlled system within the con-
straints of the actuators [19].

Eq. (33) is compactly written as:

x= Ax+ B + Cu: (35)



The result of this designis a cortrol law expressed
as:
u=j Kx (36)

where, u = | yen_ges IS the cortrol input, x is the
state vector, A, B, and C are system matrices, and
K is a vector of controller gains.

A few modi cations to Eq. (35) are required before
applying the pole placemen design method. The
“rst of theseis to discretize it. The discretization
rate is chosento be equalto the cortrol rate, which
is speci ed to be 30 Hz. Based on simulations of
the model this rate is determined to be fast enough
to react to the dynamics of the vehicle while slowv
enoughto place reasonablecomputational demands
on the system. The discretized form of Eq. (35) is:

x(k + 1) = ©x(k) + ~ + i u(k) (37)

where©, , and j are the discrete system matrices.
The secondmodi cation is the augmertation of the
state with an integral term. This is to eliminate any
steady state error that may occur in the system. The
third modi cation is to add a referencesignal to the
equation to allow for the certering cortrol to a®ect
the system when rendered necessary The result of
theselast two modi cations is

Cxk+1) 107 xk
xk+1) 0 © %K
+ 9 ’ + '?' ’ u(k)
TN (38)

wherex, is the integral state variable, k; is its gain,
and r (k) is the referencesignal computed by the cen-
tering cortroller.

The design of the heading cortroller a®ectsse\eral
aspects of the system. The rst obvious e®ectis on
the dynamics of the resulting systemin terms of sta-
bility, response speed, and damping. A secondary
consideration, cortradictory to the rst, is the mini-

mization of the energy expendedduring stair climb-
ing. A balance of thesetwo is achieved by selecting
a damped system on the order of 3 = 0:7 without

a®ectingthe natural frequency of the system signif-
icantly. The e®ectof the cortroller design on the
responseof the systemcan be iterated upon both in

simulation and experimertation to re ne the design.

6.3 Centering Control

The input to the certering cortroller, as mertioned
above, is the ratio g—; The output of this corntroller
is used as the referencesignal for the heading con-
troller (seeFig. 2).

Compared to the heading cortroller, a much sim-
pler approach to certering cortrol is employed. Stair
climbing experiments with this vehicle indicate that
the optimal headingis p= 0 and that the e®ecti\e-
nessof tracks on stairs quickly decreasesas a non-
linear function of heading. The physics of this can
be explained by the fact that nearly all of the force
transmitted between the tracks and the stairs dur-
ing stair climbing occurs when a track cleat slides
against a stair edge. With ead of the tracks gener-
ally spanning three stair edges,this situation takes
place almost cortin uously when the vehicleis facing
directly up the stairs, and never when the vehicle is
facing slightly angledto the stairs.

This fact dictated our approac to certering con-
trol. Sincethe only signi cantly negative impact of
not going up the certer of the stairs is the threat of
interactions with the side of the staircase, there is
generally a regionin the certer of the stairs that can
be consideredhomogeneoushysafe. In this region the
certering cortroller sendsa referencesignal of zero
to the heading cortroller. When g—; reachesa mini-
mum or maximum threshold, the certering cortroller
modi es the referencesignal of the headingcortroller
to steer the vehicle towards the certer of the stair-
case. To avoid oscillations of the reference signal
around these threshold values a hysteresis function
is selected,sothat the thresholds have di®eren val-
ues depending on the direction the certer position,
$-, approachesthesefrom.

7 Exp erimen tal Results

Experiments were conducted on the bottom °oor
staircasein building 198at the Jet Propulsion Labo-
ratory. Each step hasa height of 15 cm and a depth
of 30 cm providing a slope of 30deg The stairwell
has a width of 150 cm, which leaves approximately
50 cm of clearanceon ead side of the robot as it
climbs the stairs. All four sidesof the stairwell are
made of drywall.

The vehiclewasinitially placedin front of the stairs
and was commanded to begin climbing. Then it
would deploy its armsto a forward position that al-
lowed it to climb the rst step. At this point, the
robot would start the control algorithm described in
the paper to autonomously navigate the stairs. After
traveling a distance on the stairs the arms would de-
ploy to a °at con guration to maximize the traction
of the treads on the stairs. The robot would cortinue
climbing until it reached the top of the stairs, which
it would detect by the leveling of the tilt sensorsand
stop. There are three parametersthat quartify the
improvemernt of stair climbing performance: e®ective
velocity, Vers, root mean square of heading, hrw s,
and root mean square of the normalized certer po-



sition, (In(g—;))RM s. Note that Vg ¢ is the length of
the staircasedivided by the time of ascen, not the
commandedspeed of the vehicle.
Table 1 shows the comparison of thesethree param-
eters averaged over multiple experiments using the
previous algorithm [3] and the new algorithm pre-
serted in this paper. Theseresults indicate that the
new algorithm has doubled the e®ectie stair climb-
ing velocity while improving the root mean squareof
the heading by 8% and the root mean square of the
normalized certer position by 31%.

Figs. 8 7 and preseri the results from example stair

Table 1: Comparison of previous and new algo-
rithms.

Prev. Algorithm | New Algorithm
Vet £ (CM=se9Q 24 48
MR M S(i) 8.5 7.2
(In(§=)ru's 0.93 0.64

climbing trials using the previous algorithm and the
new algorithm. Theseplots are not represenativ e of
the entire data set (primarily due to signi cant vari-
ability between di®erert trials), but they do re°ect
the di®erencesn performanceof the algorithms.

In cortrast, as shawvn in Fig. 8, the headingin the
previous algorithm oscillates widely. This is due to
the constart modi cation of the referenceheading
basedon the certer position. In addition, the large
variations in both heading and certer position are
the result of not consideringthe dynamics of the ve-
hicle in the cortroller design.
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Figur e 7: Heading and center position of stair
climbing run using the new algorithm.

8 Conclusions

This resear® was mainly motivated by the improve-
mernt of the medanical ability of a tracked urban ve-
hicle to climb stairs. In order to fully realizethe stair
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Figur e 8: Heading and center position of stair
climbing run using the old algorithm.

climbing capabilities of the newrobot, improvemerts
to the previously implemerted stair climbing algo-
rithm [3] were necessary We have described the de-
sign and implemertation issuespertinent to a set of
new estimation and cortrol algorithms that enhance
the stair climbing capabilities of the robot. Exper-
imental results have validated the improvemen in

speedand e®ectivenessof the new stair climbing al-
gorithms comparedto [3].

As part of our future work we intend to extend these
algorithms to cortrol the behavior of the vehicledur-

ing two separatephases:right beforeand after land-
ing. Currently the velocity of the robot at the top of
the stairwell is not reduced, resulting in an abrupt

landing. Finally, after the vehicle has landed, it has
to seart for the beginning of the new °ight of stairs
and align itself towards this. We believe that our
new estimation and cortrol algorithms will signi -

cantly impact the speedand accuracy of thesetasks.
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