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On-Line Compensation of Mobile Robot Docking
Errors

Abstract-One of the main problems of an unconstrained mobile robot
(that is not limited to rails or tracks), that limits its industrial applica-

tions, is its docking accuracy. Because robot programs are executed
relative to the robot base, inaccurate positioning of the mobile robot
during docking must be accounted for in order to improve the accuracy of
the mobile robot. In this paper, a method to compensate for the docking
inaccuracy of mobile robots is proposed. The method is based on
modifying the task of the robot arm according to the docking error-the
offset between the desired and actual docking locations of the mobile
robot. The docking error is sensed by a sensor mounted on the robot arm:
it can be either a vision system or a touch trigger probe. The algorithms
for calculating the spatial docking error for each sensor and how the
robot's task is modified accordingly are presented. The need for a
method that will allow to reach results even in the presence of perturbed
data, something that currently applied methods cannot guarantee, is
discussed and one is presented. The calculation of the spatial offset
between the actual and the desired locations of the mobile robot using
vision system was implemented and results of some experiments are
presented and discussed.

I. INTRODUCTION

ONE OF THE shortcomings of FMS today is the
limitations of the available flexible material-handling

equipment. An industrial robot that will have the capability to
. move around rigidly mounted on an industrial-quality, re-
motely controlled vehicle (like an AGV) seems to be the
answer to most of those shortcomings. A major problems
facing such a system is the accuracy of the AGV in docking
(arriving to a station), which is currently in the order of 1 in.
As robot programs are executed relative to the robot base,
inaccurate positioning of the mobile robot base must be
improved by more than an order of magnitude in order to be
considered for industrial use.

A. Mobile Robot Overview

Before a world task (a general list of operations) can be
performed by a robot, two conditions must be fulfilled: 1) the
world task has to be described as a robot task-a robot specific
list of end effector locations, velocities, and duties defined
with respect to the robot base; 2) the robot task has to be
transformed into a robot program-a set of commands issued
to the robot's joint actuators.

The relationship between robot task and robot program is
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defined by the robot's kinematic equations: the inverse
solution of the kinematic equations transforms any robot task
to the corresponding robot program. The relationship between
a world task and a robot task is defined by the offset between
the world frame (in which the world task is specified) and the
robot frame (in which the robot task is specified). For a
stationary robot this relationship is fixed, as the robot location
is fixed; while for an AGV-mounted robot the relationship
between a world task and a robot task are not fixed due to the
positioning inaccuracies of the AGV in docking. Each time the
mobile robot will arrive to a certain station, its location will be
perturbed about the designated location.

Two approaches can be taken in order to solve the docking
problem. In the first approach, the docking problem can be
solved by reducing the mobile robot's problem to a station-
ary one., An external system (either mechanical fixture that
will use force, or a three-dimensional servo positioning de-
vice that will use fine controlled motion) will position the
mobile robot at the designated location in every docking.
According to the second approach, the robot task should be
modified according to the docking error. The offset between
the designated location of the robot, for which the robot task
was specified, and its actual location will be evaluated in each
docking. The offset (expressed as a transformation matrix)
will then be used to modify the original robot task such that it
will perform the desired world task from the new location,
using the modified robot task.

In this paper a solution that uses the second approach to
solve the docking problem of a mobile robot is presented. This
approach was chosen due to its flexibility, expendability, and
low implementation cost.

B. Solution Overview

In general, the solution method can be categorized as
referencing or calibration of two frames. The offset between
the actual location of a mobile robot (frame S in Fig. 1) and the
designed robot location (frame Q in Fig. 1) cannot be
measured as the Q frame is imaginary. Thus the transforma-
tion between the Q frame and the S frame cannot be derived
directly. Each frame, however, can be related to a fixed
reference frame attached to the station being served (frame F
in Fig. 1). The offset between the Q and the F frames can be
derived either from physical measurement or from an assumed
offset. Then the original robot task can be transformed from
the Q to the F frame. In subsequent dockings, when the mobile
robot will be in location S, the offset between the fixed frame
F and the actual frame S will be sensed and the appropriate
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Fig. 1. The experimental system with the physical locations of the frames
used.

transformation will be derived. That transformation will be
used to transform the robot task, then specified with respect to
the F frame, to the S frame where the robot will actually be.
This process is illustrated in Fig.2.

The relationship between the coordinates of points in any
two frames (say, Q and F) can be expressed in the form of a
homogeneous transformation matrix
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or in matrix notation

Two methods can be employed to calculate the transformation
matrix between two frames from theoretical position, in both
frames, of a reference object [1], [2]. In the first method, the
transformation matrix is decomposed into three homogeneous
rotation matrices and a homogeneous translation matrix. A
sequence of pure rotations is assumed and geometrical
relationships are used to find the rotation angles corresponding
to the assumed rotation sequence. The rotation angles are
substituted back into the rotation matrices that, when multi-
plied in the assumed sequence, define the rotation portion of
the transformation matrix (R in (1)). The translation vector is
then calculated by solving the three linear equations that relate
the coordinates of one point in both frames. In the second
approach, the twelve unknown entries of the transformation
matrix are calculated directly, from the known position of four
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Fig. 2. Transformation of a robot task from the imaginary to the actual robot
location.

reference points, by solving the twelve linear equations (1) is
composed of (n = 4). Because a real-time solution is desired,
the direct evaluation approach was chosen for the calculation
of the transformation matrix. It requires the solution of only
linear equations while the assumed rotation sequence approach
requires the solution of six nonlinear equations. The derivation
of the theoretical transformation matrix using two different
data acquisition methods is described in Section II of this
paper.

In theory, the available data are absolutely accurate at all
times, in reality they are not. Errors in measured position data
have significant impact on the calculation of the transforma-
tion matrix. When the derivation of a transformation matrix
from measured data is attempted, two problems have to be
addressed: 1) how to make sure that the calculated transforma-
tion matrix is a rigid body, homogeneous transformation
matrix and not simply a coefficient matrix that solves the
linear set of equations; 2) how to make sure that the calculated
transformation matrix is the most stable one and will be less
affected by perturbation in the measured position data than any
other transformation matrix. The perturbation analysis is
discussed in Section III of this paper.

Some results of the experiments conducted to demonstrate
the validity and measure the accuracy of the proposed
transformation matrix derivation method are presented in
Section IV.

II. THEORETICAL TRANSFORMATION MATRIX DERIVATION

In order to derive the transformation matrix, the locations of
several specific points in both the mobile frame and the fixed
frame are required. Two sensors were chosen to measure those
locations: touch trigger probe and vision system. Each sensor
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has different characteristics thus requiring a different data
processing algorithm for calculating the theoretical transfor-
mation matrix.

A. Touch Trigger Probe Application

Because the actual location of the mobile robot's base in the
fixed frame F ( see Fig. 1) is undefined, so is the location of its
end effector. If the location of the end effector in the fixed
frame could be determined, due to the known relationship
between the end effector and the robot frame, the location of
the mobile robot's frame (Q or S) would be defined as well.

In order to define the location of the end effector in the F
frame, a cube is attached to the station the mobile robot is
serving. The location of the cube with respect to the station is
defined and the fixed frame is attached to a cube, as shown in
Fig. 3. The touch trigger probe is mounted as an end effector,
and the robot is programmed to reach with the tip of the
probe's stylus the cube's center (the determination of the
cube's size is discussed in [6]). The touch trigger probe is used
to generate an interrupt to the robot controller when the tip of
its stylus touches the cube's surface. The interrupt causes the
controller to stop moving the arm and to record the position of
the end effector (the tip of the touch trigger probe's stylus) in
the robot frame. This position is sent to the host computer
where it is combined with position data of other reference
points to derive the transformation matrix between the fixed
and the mobile frames using (1). Equation (1) could be solved
directly for the transformation matrix TQ_ F if the reference
point matrices P 1 were known in both frames, which is not the
case here. Because of. the AGV's poor repeatability it is
impossible to tell ahead of time where the stylus will contact
the reference cube-a reference point.

It is enough to know the coordinates of three nonlinear,
specific, points on rigid body in order too define the location of
the body in space. If the three sets of coordinates do not
correspond with specific points, the body's location is unde-
fined. In the case here, the exact locations of the reference
points on the cube are not known, thus there can be many
cubes (frames) that will fit any three reference points. The
minimum number of points needed to uniquely define a cube in
space is six: three on one surface, two on an adjoining surface,
and one on a surface perpendicular to the first two, as
illustrated in Fig. 3.

Due to the special positioning of the F frame and the
reference points on the cube, it is known on which face of the
cube each reference point lies, or which coordinate of that
point is zero. Using this information, (1) becomes (3)
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It can be observed that in (3) there are only six independent
linear equations. The other six equations needed to solve for
the transformation matrix TQ _ F are generated from the
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Fig. 3. The reference cube and the F frame in a station.

orthogonality conditions of the rotation part of the transforma-
tion matrix. Those six equations are nonlinear, which compli-
cates the solution. Further development was done in order to
eliminate the necessity to solve six nonlinear equations.

Using vector algebra, a vector N l perpendicular to plane E
can be defined in terms of the coordinates of the three contact
points on that plane. Similarly, a vector N2 can be defined for
plane G and N3 for plane H. The equations of the three vectors
define the equations of the three planes. The solutions of the
linear set of equations formed by the three plane equations are
the coordinates of the intersection point of the three planes, in
the Q frame. Those coordinates are also the components of the
translation vector (PI )Q in the TF _ Q matrix.

The equations of the F frame axes can be described in terms
of the point (Pl ) Q and the three vectors Nl , N2 , and N3 .
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where A 1 , B;, and C; are the respective coefficients of the 1, j,
and k components of the ith vector. Arbitrary points E, G, and
H are selected along the XF , YF , and ZF axes by assigning
arbitrary, values to K1i K2 , and K3 in (4). Each one of those
points defines two vectors: one from P 0 and one from P 1 , as
illustrated in Fig. 4.

The following relationship can be observed from Fig. 4:

(EQ)Q- ( P1)Q= (EF)Q

(GQ)Q - (P1)Q = (GF)Q

(HQ)Q-(P)Q=(HF)Q.

	

(5)

The physical meaning of subtracting the vector (P)Q is a
parallel axes translation of the F frame to the Q frame, after
which the translation vector in TQ _F becomes zero. Under
these conditions, and for n = 3, (1) becomes (6).
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In (6), the vectors in the right-hand side point matrix are
known from solving (5), while the vectors in the left-hand side
point matrix are partially known-each vector has two zero
components. Since multiplication by an orthogonal matrix
does not change the length of a vector, the corresponding
vectors on both sides of (6) are equal in length. After
normalizing the vectors on both sides, (6) becomes (7).
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Now there are nine linear equations to solve for the nine
unknown entries of the rotation matrix. At this point, the
vector (P 1) Q found earlier is combined with the rotation matrix
to form the transformation matrix TQ_F. It should be
remembered that the vector (Pl)Q is the translation vector in
the transformation matrix TF _ Q . The translation vector in
TQ _ F is defined by the product of (P 1)Q and the rotation matrix
in TF_ Q . At that point, a robot task that was specified in the
theoretical frame Q, can be transformed to a task specified in
the fixed frame F. Later, when the mobile robot will come to
serve the station again, it will be in some other location S. The
procedure that has been outlined will be repeated to derive the
transformation matrix TF_s and from it TS-F . Then the robot
task will be transformed to a task in the S frame to be executed
by the robot, as illustrated in Fig. 2.
B. Vision System Application

The vision system, as the touch trigger probe, should collect
data about the reference points for the calculation of the

0 0 0

T12 T13

T22 T23

T32 T33
0

	

0

IEEE JOURNAL OF ROBOTICS AND AUTOMATION, VOL. RA-3, NO. 6, DECEMBER 1987

0

0

	

1EF1

[OF]

HF

0

1

	

1

	

1

	

1
Q-F

	

Q

transformation matrix between the robot frame and the
reference frame. When compared with the touch trigger probe
application, the vision system application faces three main
problems. While the touch trigger probe supplies three-
dimensional information about a reference point, the vision
system provides only two-dimensional information-which
complicates the calculation of the transformation matrix. The
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second problem is that the information from the touch trigger
probe (when mounted as an end effector) is in the robot frame
Q or S, while the information from the vision system is in its
own frame C. The third problem is the poor accuracy of the
vision system when compared with that of the touch trigger
probe [3], [4].

The desired depth information can be derived by either
using images of the same reference object from two cameras
whose relative positions are known, or by using one camera
and images of the reference object from two different
locations. The first option was dismissed as it requires two
cameras at each station the mobile robot will serve, while the
second option allows a single camera to be mounted on the
mobile robot's arm. The problem of relating the information
from the camera to the robot frame can be solved by mounting
the camera as an end effector. The transformation from the
robot frame to its end effector is continuously available from
the robot controller, thus allowing to transform the informa-
tion from the camera to the robot frame.
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The reference object that was chosen for the vision system
application was the same cube from the touch trigger probe
application. The reference points were the centroids of circles
that were drawn on the sides of the reference cube. The
location of each reference point', in the fixed frame F, was
known.

It is required to find the transformation between the mobile
robot frame and the fixed frame, as expressed in (2). In the
vision system application, however, the information about the
reference points is available in the camera frame C and not in
the robot frame. Thus (2) becomes

PF=TC-F * (T'Q-C * PQ)

	

(8)
PF= TC - F * PC .

	

(9)

In order to solve for the twelve unknown entries of the
transformation matrix Tc_F, twelve linearly independent
equations are required. The four needed reference points have
to be separated between two planes on the reference cube to
assure linear independence-three on one plane and one on
another, as illustrated later in Fig. 6.

TC _F relates the reference points in the fixed frame F (for
which all the coordinates are known) to those points as the
camera sees them (for which only the Xc and Yc coordinates
are directly available). Hence (9) is nonlinear due to the
product of unknown on its right-hand side-Tc_ F and the Z
coordinates in Pc . The Zc coordinate (depth) for each
reference point should be known before the transformation
between the camera frame C and the fixed frame F can be
calculated.

C. Depth Calculation

Depth information can be calculated, using one camera, if
two distinct images of a known reference object are analyzed.
In order to eliminate the necessity to process two images,
another approach [5] was taken. The idea is that instead of
using information from the reference object only, which
requires two frames, information about the optical characteris-
tics of the camera can be used instead of one of the images.
Using this approach requires only one picture on-line to
calculate the depth of any number of reference points larger
than two. The algorithm that was developed has two parts. the
calibration part and the measurement part. In the calibration
part that is done off-line, once per setup, the optical
characteristics of the camera (the focal center's coordinates)
are determined. In the measurement part, that is done during
the docking process, the information about the reference
points is extracted and combined with the camera characteris-
tics to calculate the depth of the reference points.

In the calibration part, whose setup is illustrated in Fig. 5,
the camera is positioned at a known distance from a surface
with four reference points. The camera's picture plane is
parallel, centered, and aligned with the reference object.
Relating geometrically the information from the vision system
with the dimensions of the reference object allows to calculate
the coordinates of the focal center in the camera's frame C.

In the measurement part, which is done on-line during the
docking, the camera cannot be guaranteed to be parallel to the

Fig. 5. The setup for the camera's characteristics experiment.

reference object (nonuniform load distribution on the mobile
robot, floor conditions, etc.). Due to that, the image of the
reference object is distorted and information from it cannot be
used directly (see [6] for further discussion). This distortion
introduced nonlinearity to the calculation: a set of four
nonlinear equations have to be solved in order to calculate the
four unknown Zc coordinates of the reference points.

The calculated Zc coordinates are substituted back to Pc in
(9), which then can be solved for the desired transformation
matrix TC _.F . Combining Tc - F with T,2- c , that is available
from the robot controller, in (8), allows to transforms the
robot task from the initial robot frame Q to the fixed frame F.
Later, when the mobile robot will return to serve the station
again and will be in location S (see Fig. 2), the same procedure
will be repeated to calculate the transformation TC_ F . This
transformation will be used to transform the robot task from
the fixed frame to the actual robot frame S.

A detailed description of the depth calculating algorithm, as
well as of the transformation matrix derivation, can be found
in [6].

III. PERTURBATION ANALYSIS

The main drawback of both algorithms outlined in the
previous section, as well as many published ones [7]-[9] is the
underlying assumption that the data, on which the calculations
are based, are absolutely accurate. This, however, is not the
case with an actual system where perturbed data resulting from
both hardware inaccuracies and software roundoffs are a
matter of fact. In this section, a method for calculating the
transformation matrix between two frames while taking into
account the perturbation in the data is presented.

It can be observed that in both algorithms presented in the
previous section, the calculation of the transformation matrix
(after all the coordinates of the reference points were

calculated with their inaccuracies) is done by matrix inver-
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sion. In (9), when the coordinates of exactly the same
reference points are given in two frames-P c and PF , using
matrix inversion will result in calculating the rigid body
transformation matrix between the two frames-Tc _ F . This
transformation matrix is. the only solution to the linear set of
equations in (9). If however, the coordinates of the reference
points are perturbed by more than the accuracy of the matrix
inversion algorithm employed, a rigid body is no longer
described from two frames. The calculated matrix will not be a
rigid body transformation matrix but rather some coefficient
matrix, with no geometrical meaning, that will solve the set of
linear equations.

It becomes obvious that a different method for calculating
the transformation matrix is needed. The method should be
stable and be able to minimize the influence of errors in the
data on the calculated matrix. This means that based on
perturbed data, the resulting coefficient matrix should be a
rigid body transformation matrix, and that variations in the
data will change very little, if at all, the calculated rigid body
transformation matrix-minimize S in (10).

TC _ F * PC -PF 1I <_'8.

	

(10)

The most familiar approach to the problem of determining
the coefficients approximating a solution, based on data is the
Least Squares (LS) approach [10]. The LS drawback is that the
calculated Tc _ F does not necessarily minimize the error 6. A
different method for solving LS problems is the Singular
Value Decomposition (SVD) [11]. The SVD is considered to
be [12] "... the most reliable method for computing the
coefficients of general LS problem ... and the most effective
in dealing with errors in the data, roundoff errors, and linear
dependence.

Briefly, using the SVD method an m x n matrix A can be
decomposed into three special matrices

Amxn=Umxm * Xmxn * VT (11)
Those three special matrices allow the direct calculation of the
pseudoinverse of the matrix A-AP.

AP=V * EP * UT.

	

(12)
The pseudoinverse is related to the LS problem in (10) by

the fact that the Tc_ F that minimizes 8 is defined as
TC-F=PF * (PC) P -

	

(13)
Because of its advantages, the SVD method was chosen as

the method to solve for the transformation matrix between two
frames based on position data, in both frames, of fixed
reference points on a rigid body. A detailed discussion about
SVD and its applications can be found in [10]-[12].

IV. EXPERIMENTAL RESULTS

Three experiments were conducted to check the validity and
accuracy of the algorithm for calculating the transformation
matrix based on data collected by the vision system. The first
experiment was the calibration part-the calculation of the
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Fig. 6. The reference object and the camera in the measurement part of the' vision system application.

camera parameters. The second and third experiments were
the measurement part: in the second experiment, the distance
from the camera to the reference object was calculated while in
the third experiment the transformation matrix between the
camera and the reference object was calculated. Sample results
from these three experiments (in millimeters) are presented in
this section.

The reference object that was used in the first two
experiments was a sheet of paper on which four circles were
drawn. The circles were 80 mm in diameter and their centroids
formed a square 100 x 100 mm. For the third experiment, the
reference object was the same only one of the circles was
displaced, as illustrated in Fig. 6. The vision system used was
the General Electric PN-2304 Optomation II.

In the first experiment, the accuracy of the calculated
camera parameters (XFC, YFC, and ZFC) was checked by using
them to calculate the distance from the camera to the reference
object (Z1) and comparing it with the actual measured distance
(Zm). The experiment was conducted nine times at different
camera-object distances ranging from 687 to 1067 mm. In
each position, the camera's picture plane and the reference
object were parallel, centered, and aligned in order to allow
relating the reference object to its image for the calculation of
the camera parameters. The calculation was done four times
based on different combinations of reference points of which
only the average is displayed in Table I. In Table I, the three
right-most columns display the analysis of the data- ZAVO is
the average of the four calculated distances, the percent
change is the difference between the measured and the
averaged calculated distance, and a is the spread between the
four calculated distances. The bottom two rows contain the
summary of the experiment. The resulting accuracy of 0.07
percent means that under these conditions the accuracy of the
camera parameters calculations is less than the size of a pixel.

In the second experiment, the depth was calculated using the
camera parameters found in the first experiment. As the first
experiment, this one was done nine times at different distances
ranging from 727 to 1003 mm. This time, however, in each
position the picture plane and the reference object were not
centered neither aligned, only parallel. At each position, the
calculation was done four times, based on different combina-
tions of reference points, of which only the average is
displayed in Table II whose format is the same as that of Table
I. The resulting accuracy of 0.26 percent means that under
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TABLE I

	

TABLE 111
RESULTS OF THE CAMERA PARAMETERS AND DEPTH CALCULATION RESULTS OF THE TRANSFORMATION MATRIX CALCULATION FROM

FROM THE CALIBRATION PART

	

MEASURED DATA

Run #

3

4

5

6

7
8

Z m

687
716

750

793

835

881

942
991

1067
Total average
Total a

X FC

5.3155
5.3155

53269

5.3269

5.3412

5.3355

5.3355
5.3241

5.3240
5.3283
0.0091

43053
4.3025

43053

4.3053

4.3025
4.2796

4.2796
4.2796

4.2796
4.2919
0.013

26.306
26.280

26 333

26.322

26.331

26.363

26.362
26.662

26.393
26.361
0.1132

For ft calculated distance

687.88
715.80

758.01

79168

83540

872.65

933.94
991.39

1066.70

% change

0.1281
-0.0284

1.0680
-01665

0.0483

-0.9474

-0.8560
00390

-0.0281
-00743

0.5543

a
6.94
8.90

7.73
900

9.09

1294

8.39
11.32

6.26

TABLE II
RESULTS OF THE DEPTH CALCULATION FROM THE MEASUREMENT PART

Run #

3
4

7

9

Z-

727

727
796
796
881
881

926
926

1003
Total average

Total a

For the calculated distance

728.55

729.79
79449
799.15

87 .96
880.87

92750
916.04
991.00

change

0.2137

0.3833
-0.1897

0.3957
-1.0291
-0.0148
0.1616
-1.0752
-1.1981

-0.2614
0.66

7.24

6.72
12.29
4.61

12.89
1034
8.05

16.11
16.42

these conditions the accuracy of the depth calculation was on
the average about 1.5 mm.

In the third experiment, the transformation matrix between
the camera frame and the reference frame was calculated. In
this experiment there are two cases: rotation around the Z
axis, and any other rotation. Four reference points are
necessary to solve for the transformation matrix, of which
only three can be on one plane of the reference object (the top
face of the cube in Fig. 6). Except for rotation around the Z
axis only, all four reference points are seen by the vision
system. In that case, only three points are seen and additional
information (constraint) is required instead of the fourth
reference point. This additional constraint is found in the
problem setup. A vector in the Z direction will not change its

Rotation by -30 ° around Z c

	

Zm = 800 mm
Theoretical matrix T

0.866

	

0.5

	

0.0
-0.5 0.866 0.0 7
0.0

	

0.0.

	

1.0 800.0
0.0

	

0.0

	

0.0

	

1.0

aram

Z1 = 796.37
Z2 = 794.43
Z3 = 804.09

01 = -0.23 °

02 = 0.46 0

03 = -1.18 °

04 = -0.33'
average angularerror = -032 0

calculated matrix T + ST

0.868 0.482 0.0 -138.675
-0.495 0.862 0.0 -36.461
0.019 -0.087 1.0 805.433

0.0

	

0.0

	

0.0

	

1.0

Err°rmatrix ST

0.002 0.018 0.0
0.005 0.004 0.0
0.019 0.087 0.0
0.0

	

0.0

	

0.0

7
7

5.433
0.0

length if rotated around the Z axis. Hence, for rotation around
the Z axis (9) becomes (14).

X01 X02 X03 0

Yo1 Y02 Y03 0
Z01 Z02 Z03 100

1

	

1

	

1

	

0
C

0 LX

0 L y

1 L Z

0 1
F- C
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X01 X02 X03 0

1'01 Y02 Y03 0

* Z01 Z02 Z03 100 ' (14)

1

	

1

	

1

	

0
F

The length of the additional vector should have the same order
of magnitude as the coordinates of the reference points in the. F
frame for the PF matrix to have small condition number, which
is an important factor for the SVD method.

The transformation matrix was calculated eight times under
different conditions, four for rotations around Z C and four for
rotations around Xc . It should be emphasized that the
traditional approach-matrix inversion-did not generate the
transformation matrix in any of the trials; the SVD approach
generated a transformation matrix in each one of the trials. In
Table III the result of one SVD application is presented. In that
table, the axis and angle of rotation, and the distance between
the camera and the reference object are stated at the top. The
theoretical transformation matrix is given in the upper left
corner, the calculated one is given in the upper right corner,
and the difference between the two (the error matrix) is the
lower right corner. In the theoretical matrix, the X and Y
values of the translation vector were not measured due to the
difficulty in measuring the distance between skewed lines. In
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the lower right corner, two sets of parameters are shown: the
calculated Z coordinates (in millimeters) of the reference
points based on which the transformation matrix was calcu-
lated, and the error angles calculated from the error matrix.
A. Conclusions

Several conclusions can be reached based on the experimen-
tal results.

1) The calculation of the camera parameters by the al-
gorithm outlined is stable and accurate and thus can be used as
a module in other algorithms.

2) The accuracy of the depth calculation is dependent of the
constraints of the setup due to the need to solve three or four
nonlinear equations. The accuracy went from 0.07 percent
when the frames were parallel, aligned, and centered to 0.26
percent when they were only parallel.

3) The matrix inversion approach for calculating the
transformation matrix based on measured position data is
inapplicable. The SVD approach resulted in calculating a
transformation matrix even for very perturbed data.

4) The accuracy of the calculated transformation matrix is
dependent upon the depth calculation accuracy. The largest
errors appear in the third row of the transformation matrix,
which is dependent on the Z values. The angular error, which
is not related to the Z values in the case of rotation around Zc,
is very small.

V. SUMMARY
The problem of compensating for the poor docking accu-

racy of an AGV-mounted robot was discussed. A software
solution to that problem was presented in which the basic idea
is to modify the robot task according to the docking error. Two
data processing algorithms, for two data collection devices,
were developed: one that employs touch trigger probe
mounted as a robot end effector, and one that uses vision
system for that purpose. The need for a new method that
should be able to calculate the transformation matrix from
actually measured and perturbed data was demonstrated and
such a method was presented. Finally, results from some
experiments that confirm the validity of the proposed method
were presented and discussed.
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