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Abstract:

1
!

In order to control a remote robot, supervisory control using virtual environment is proposed. The environment
model for the virtual environment was constructed from the design data of the real environment. However,
there are usually modeling errors in the environment model. The modeling errors must be continuously cal-
ibrated. In environments with poor visibility, the ordinary visual sensor is not useful. Thus range sensors
that can work in such environments are necessary. A hybrid environment display system using both the image
made from the range data and the virtual image made from the environment model is proposed. For the com-
parison between the measured range and the environment model, the position error and the orientation error
of the robot must be estimated. A new method for the parameter estimation from the range data using least
squares method with a robust estimation technique, Tukey’s Biweight method, is proposed. In order to test the
proposed method, numerical ezperiments were conducted and the performance of the method was confirmed.
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1 INTRODUCTION

In order to conduct operations in poor visibility en-
vironments, supervisory control using virtual envi-
ronment which simulates the real environment was
proposed[1]. The environment model for the virtual
environment was constructed from the design data
of the real environment. However, there are usually
modeling errors in the environment model. When
using virtual reality for controlling slave robots, the
modeling errors must be continuously calibrated. In
environments with poor visibility, the ordinary visual
sensor is not useful. Thus range sensors that can
work in such environments are necessary. Although
the environment model can directly be constructed
from the range data, the precision of the range data
is relatively low. Furthermore, the lack of color in-
formation sometimes critically affects the operator’s
recognition performance.

In this paper, a hybrid display system using both the ‘

image made from the range data and the virtual im-
age made from the environment model is proposed.
The virtual image should be displayed for the op-

erator in parts of the image where the environment
model is more reliable than the measured range im-
age. The measured range image based should be dis-
played for the operator in parts of the image where
the measured range image is more reliable than the
model. "

Before comparison of the measured range and the
expected range, the position error and the orienta-
tion error of the slave robot and those of the objects
in the environment model should be estimated. A
new method for the parameter error estimation tech-
nique using the range data is proposed. This method
solves the measurement equation after the detection
of the correspondences between the measured 3D ver-
texes, lines, and planes by range sensor and those
of the object model in the environment model. If
the assumed correspondences between the range data
and the object model is ‘correct, the parameter er-
rors can be calculated easily. Though the computa-
tion for such measurement equation is easy, finding
true correspondence is a difficult task. The assumed
correspondences usually include some wrong corre-
spondences. The proposed method solves the mea-
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¢ surement equation by using a nonlinear least squares
method with robust estimation technique, Tukey’s
Biweight method[7]. If most parts of the correspon-
dences detected are accurate, true values of the un-
known parameters can be obtained. This method can
also be used for the detection of the wrong correspon-
dences. In order to test the proposed method, numer-
ical experiments were conducted and the performance
of the method was partially confirmed.

2 HYBRID ENVIRONMENT DISPLAY

2.1 Operation in poor visibility environment
using virtual environment

Tele-existence is an advanced type of- teleoperation
svstem that enables a human operator to perform re-
mote manipulation tasks @ékterously with the feeling
that he or she exists in the remote anthropomorphic
robot operating in a remdtg environment [2].

Figure 1 Operation in poor visibility
environment

Supervisory control using the virtual environment
generated by computer graphics was proposed and
developed for the remote robot control [1]. The
extended tele-existence system using virtual reality
technology for the extension of human functions has
been proposed [2][3]. Figure 1 shows an experimen-
tal robot operation in poor visibility environment.
Figure 2 shows the virtual environment used in the
operation. This system can provide the supervisory
control using a virtual environment with the sense of
reality. When using the virtual environment to con-
trol a slave robot, modeling errors in the environment
model becomes critical. The environment model used
in the virtual environment has been constructed from

the design data of the environment. However, there
are usually errors in the environment model. In par-
ticular, a contact task is difficult when the virtual en-
vironment does not accurately correspond to the real
environment. When using virtual reality for control-

. ling slave robots, the modeling errors must be contin-

uously calibrated using external sensory information.

Figure 2 virtual environment

2.2 Range sensor

An ultrasonic array sensor, with following specifica-
tions, have already been developed[d]. Its detected
range is 2 m. Its range resolution is under 1 cm.
Its maximum angle of field of view is 60 degrees.
Its direction resolution is 1.5 degrees. An active
laser scanner, with following specifications, has been
developed[5]. Its detected range is from 3 m to 30
m. Its range resolution is under 10 cm. The maxi-
mum angle of field of view is 8 degrees. Its direction
resolution is less than 0.03 degree.

2.3 Hybrid environment display

The virtual image should be displayed for the op-
erator in parts of the image where the environment
model is more reliable than the measured range im-
age. The measured range image should be displayed
for the operator in parts of the image where the mea-
sured range image is more reliable than. the model.
If the error between the measured range and the ex-
pected range from the environment model is within
the expected measurement error, the reliability of the
model is high. If the error is larger than the expected
measurement error, the reliability of the model is low.
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Consider the coordinate system (z,y,z2), where z is
the depth direction. Let the measured range be
Zreal(, ), the calculated range from the environment
model be z,,,4.1(2,y), and the standard deviation of
the measurement error of the range sensor be o.

lzreal(z1 y) - zmodel(mv y)l > ao (1)

where a is an appropriate factor. In our system, « is
3. Although the range sensor is not so precise, but
it is based on the real environment. Therefore o is
set to relatively small. If the above condition is ful-
filled, the environment model is not reliable near the
point (2, Y, Zmodel(Z, y)) and the range data z,(z, Y)
is converted to the display image for the operator in-
stead of the virtual environment.

2.4 Effects of parameter errors

There usually exist errors in parameters used for the
calculation of the model of range data. For example,
the position and the orientation of the robot carrying
the range sensor usually has errors. In such a case,
the condition (1) is not reliable and the standard devi-
ation o must be modified as follows. Let the unknown
parameter vector be ¢ and the measurement model

of the range z.401(2,y) be h(z,y,q). The measured

range zreq(z,y) is approximated by the sum of the
true measurement model h(2,y, q) and the noise vec-
tor w. The measurement equation can be defined as
follows.

zreal(xv ?!) = h(.’l,‘, Y, q) tw (2)
Let the noise vector w be Gaussian and its standard
deviation is 0. Let the error vector of the unknown
parameter vector be e; and the covariance matrix of
the error vector P. Then,

P = E(eqe,T) 3)

Let the standard deviation of the measured range z
be 0’. ¢’ can be estimated as follows:

o'=VHPHT + o? 4)

where H is Jacobian of the measurement model
h(z,y,q). The condition (1) is modified as

|zreal(x’ y) - zmodel(xa y)l > aal ‘ (5)

2.5 Environment model calibration

After the detection of the parts of the image which
have large differences between the measured range
data and the calculated data, the environment model
is corrected. Objects of the environment model which
makes large differences are removed and the new ob-

ject models made from the range data are included.

»*

3 UNKNOWN PARAMETER ESTIMA-
TION ‘

Before the comparison between the real range data
and the expected range data generated from the en-
vironment model, the position and the orientation of

~ the robot carrying the range sensor must be estimated

as precisely as possible. For this purpose, the method
used in our system is illustrated in this sectjon.

3.1 Unknown parameter estimation proce-
dure
“
The unknown parameter estimation is conducted ac-
cording to following procedures.

(1) Acquisition of range data
The range data of the real environment is ac-
quired by using an appropriate range sensor.

(2) Extraction of basic elements of range image
The basic elements of the range image are ex-
tracted from the measured range data using im-
age processing techniques. For example, ver-
texes, lines and planes are included in the ele-
ments.

(3) Initial correspondence detection
The correspondences between elements (ver-
texes, lines, planes) extracted from the measured
range data and elements which comprise the en-
vironment model are detected (See 3.2). This
procedure is carried out according to the calcu-
lated likelihood of the element.

(4) Solving measurement equation
Based on the extracted correspondence, a mea-
surement equation is defined. It is solved by us-
ing linear or nonlinear least squares method. The
initial correspondences usually include wrong
correspondences. The robust estimation tech-
nique (See 3.4) is used for the estimation.

(5) Comparison between measured range and calcu-
lated range
According to the condition (5), the measured
range and the calculated range are compared.
The correspondences.between most of the mea-
sured elements and most of the calculated ele-
ments from the model are detected.

3.2 Initial correspondence detection

The central problem of unknown parameter estima-
tion is the detection of the correct correspondence be-
tween the measured range data and the environment
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‘model. The range data consists of many elements,
such as vertexes, lines, and planes. The environment
model also has such elements.

There are many characteristic values about the i-
th element. For example, each extracted line has a
length and an angle between two planes which con-
struct the line itself. The vector u,,; is defined by
such characteristic values about the i-th element of
the model. The vector u,;. is also defined by such
characteristic values about the j-th element of the
real range data. By using the appropriate thresh-
old v, a candidate of the correspondence are selected.
The (%,5) component of matrix C, which represents
correspondence between the i-th element of the model
and the j-th element of the range data, is calculated

as follows: S
o 1 €yji <Y
G _{ 0 qr;vherwise

€uij = |Umi = Ur;] (6)
But these detected correspondences usually contain
the wrong correspondences. True solution cannot be

obtained using conventional nonlinear least squares
methods.

Linear estimation techniques can be used for the de-
tection of the wrong correspondences. For example, if
the correspondences of two straight lines between the
range data and the model are detected, the position
and the orientation can be calculated. Its result is
good for first approximation of the parameters. But
it is not enough for the comparison of the range data
and the model. The comparison based on a suffi-
cient number of correspondences has greater reliabil-
ity. Therefore, a new estimation method based on
the many correspondences is necessary.

3.3 Nonlinear Least squares method

When using a larger number of measurement values
than numbers of estimated parameters, the nonlinear
least square method is usually used. Let the known
parameter vector be p, the unknown parameter vec-
tor be z and the measurement model be f (p,z). The
measurement vector y is the sum of the true mea-
surement model f(p,z) and the noise vector w. The
measurement equation can be defined as follows.

y=f(p,z)+w (7)

Let the noise vector w be Gaussian and the weight
matrix W be the inverse matrix of the covariance
matrix of the noise vector.

W = E(ww?)! (8)

The value of the unknown parameter vector z can
be estimated by minimizing the following evaluation
function:

5= (- f:2)) W(y - f(p,z)) (9)

This equation can be solved by randomly searching
for the initial value of z and by using- the nonlinear
least squares methods such as Marquardt’s method

[6].

When £ is the number of iterations, this method im-
proves the estimated value z(k) iteratively as follows:

z(k +1) = z(k) + Az(k) (10)
Az(k) = K(p,z(k))(y - f(p,2(k)))  (11)

K(p,z) = (A(p,z)TWA(p,z) + AI)™?

A(p, m)TW (12)
Ap,z) = ——ahg: =) (13)

A(p,z) is the Jacobian of the measurement model
f(p,z). X is a non-negative parameter adjusted to
suit the degree of nonlinearity. If there is observabil-
ity of the measurement equation (7), z(k) converges
to a correct solution by using randomly searching the
initial value of the unknown parameter vector z(0).
Though the Marquardt method requires the Jacobian
of the measurement model, the Jacobian can be easily
obtained through numerical differentiation.

3.4 Robust Estimation Technique

In order to obtain true solution using data which in-
cludes wrong correspondences, an method using ro-
bust estimation technique is proposed. The value of
the unknown parameter vector z can be estimated by
minimizing evaluation function (9). W in the evalu-
ation function is the diagonal weight matrix defined
as

Wi = 1/o} ‘ (14)

where o; is the standard deviation of the i-th com-
ponent of the measurement value vector y. Tukey’s
Biweight estimation method changes the weight W;
according to the normalized measurement error v; de-
fined as

v; = Yi — ,:;l(p’ z) (15)

The weight W;; is modified as

*
W) = { (1= (2F) Il < c

otherwise
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where c is a parameter for cut-off. When v; is large,
the corresponding weight W;; become small and the
effect of the bad data become small. According to
Tukey’s proposal, c is calculated as

¢ = (median{|v;|} (16)

The factor ( is set to 3 in our system.

3.5 Estimation Procedure

The total estimation procedure of our system is as
follows.

(1) Correspondences detection
Based on the initial values of the parameters, the
new correspondences are detected. The nearest
element j of the range data from element i of
calculated range data is selected and the new
correspondence Cj; is defined. '

(2) Nonlinear least squares estimation
Using nonlinear least squares method based on
the weight matrix W, the parameters are esti-
mated.

(3) Weight matrix modification ,
Using the robust estimation techniques, the
weight matrix are modified according to the
equation (3.4).

(4) Checking correspondences
Let the weight of k-th component of the measure-
ment vector y be Wy, if Wi, become nearly
equal 0, the correspondence Cj; corresponding
Yk, are set to 0 and the weights of all compo-
nents of y based on Cj; are set to 0.

(5) Iteration
Repeat (2) to (3) until the change of estimated
parameters become enough small.

If good estimation cannot be obtained, the random
search of the initial values is started and above pro-
cedures are repeated.

4 SIMULATION

In order to test the proposed method, numerical ex-
periments were conducted and the performance of the
method was partially confirmed.

4.1 Robust estimation

In order to check the proposed robust estimation
techniques (see 3.4), numerical experiments are con-
ducted. The problem is the estimation of the po-
sition and the orientation of a brick. Its width is
3,its depth is 4, and its height is 5. The position
(2,9, 2) and the orientation (¢, 8, ) of the brick are
generated using random generators. A brick has 8
vertexes. The positions of all vertexes of the brick
are measured. The standard deviation of each com-
ponent of measurement vector is 0.01. The position
and the orientation are estimated using robust non-
linear least square methods base on the correspon-
dences between vertexes which includes wrong cor-
respondences. The correspondence between a vertex
of the measured brick and a vertex of the model is
defined by using a matrix C(see 3.2). C;;j is set to
1 at the probability of 50 (%) and is made 0 at the
probability of 50 (%). Cj; represents true correspon-
dence at the probability of 50 (%). C;; includes many
wrong correspondences. 1000 trials are conducted
in order to check the method. By using the esti-
mation procedure(see 3.5), estimation succeeded in
973 trials. Most wrong correspondences are detected
in the iteration process of the estimation procedure.
The mean number of iteration of the nonlinear least
squares method is 50.5 times. But usually 1.8 times
initial value search is necessary. The standard devi-
ation of the error of the estimated position vector is
0.01 and the standard deviation of the error of the
estimated orientation vector is 0.012 (rad).

4.2 Position and Orientation Estimation
- from Range Data;

In this simulation, the measurement model of range
data is defined as R

feai(,) = [ 2@+ uy+o)dudvto (17)

where 2(z,y) is the real range data. In this simula-
tion, the calculation of the range data is simplified.
Its maximum- angle of field of view is considered 50
degrees. This range data is approximated by digi-
tal images I(%, j) which have 512 x 512 pixels. The
graphics computer generating virtual environments
usually has z buffer system for the hidden plane elim-
ination. ' R

The z value of the z buffer is almost the same as the
range data. Therefore, it is used for the simulated
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range data.

N N
L(iz,iy) =) Y L{iz+iiy+ji)+w (18)
j=—Ni=—N

In this simulation, N is 10 and the standard devia-
tion of w is 5.0 cm. The range data I.(4,7) is calcu-
lated using z values in z buffer. The system extracts
vertexes, lines, and planes from the simulated range
image I, (%, j). Y
Figure 3 shows the superimposed image of the ‘ex-
tracted lines and the results of the robust estimation
by nonlinear estimation technique.

Figure 3 Estimation result

A total of 36 lines are extracted from the simulated
range data. And the 21 correspondences between two
large straight lines are used for the robust nonlin-
ear least squares estimation. Finally correct 7 corre-
spondences are selected and almost correct position
and orientation are obtained. 100 estimation trials
are conducted. The standard deviation of the error
of the estimated position vector is 0.03 (m) and the
standard deviation of the error of the estimated ori-
entation vector is 0.034 (rad).

5 CONCLUSION

In order to conduct operations in poor visibility envi-
ronments, a hybrid environment display system using
both the image made from the range data and the vir-
tual image made from the environment model is pro-
posed. In order to compare the range image and the
virtual image, a new method for the parameter error
estimation using least square method with Tukey’s
Biweight method is proposed. In order to test the

proposed estimation method, numerical experiments
were conducted and the performance of the method
was confirmed. The examination of the method using
real data is the problem to be solved in the future.
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