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Abstract: Remote operation of robots in distant environments presents a signiticaliénge for direct control due
to inherent issues with latency and available bandwidth. Purely autondoeb@asiors in such environments
come with the associated risks of failure. It may be advantageous to@gtformation about the environment
from the robot’'s onboard sensors, to re-create a simulation and plassétombeforehand. The planned
mission can then be uploaded to the robot for execution, allowing the @lhyslmot to handle the autonomy
required for completing its task. In this paper, the foundations of a dopdiradigm are presented that uses
a simulated virtual environment to decouple the operator from the plhystwat, thus circumventing latency
problems. To achieve this, it is first required to accurately model thetsokinematic parameters for use in
the simulation. Kalman filtering techniques that demonstrate this modelingdifiesential drive robot are
presented in this paper. The estimated parameters are then used atiaputsdular planning and execution
module. Based on simulation results, a safe and non-redundant pétirecebe uploaded and executed on the
real robot.

1 INTRODUCTION an unavoidable feature of long-distance communica-
tion. These must be compensated for within existing
control schemes or an alternative control paradigm
must be applied. In this work, an architecture will be
presented that decouples the operator’s actions (mas-
ter) on a simulated robot from the executed actions on
the real robot (slave) through a virtual reality-based
simulation layer. The general control paradigm is
based on the following assumptions that are not pre-
sented in the scope of this paper.

Robots have become a ubiquitous presence in to-
day’s society. They have found uses in diverse areas
such as manufacturing, health care, planetary explo-
ration, and entertainment. Autonomous operation of
these robots is usually limited to processes that oc-
cur in controlled environments and involve repetitive
steps, e.g. the assembly of cars.

Whenever a robot is deployed on a remote mis- : : i
sion, some form of tele-operation has to be employed. ® 1he simulation environment can be CO”StrUCt?d
Conventionally, tele-operation refers to the directcon-  PY gathering real-world data through the robot's
trol of a robot from a remote location using onboard ~ ©nboard sensors and is sufficiently representative
sensors that provide the required navigational aids. In ~ Within a localized region around the robot
mobile robotics this need is most pronounced in ex- e The real robot has sufficient autonomy to be able
ploring areas that are hazardous or inaccessible to hu-  to execute a mission plan under the influence of
mans, e.g. when surveying a stricken nuclear plant  external uncertainties, or report discrepancies that
or controlling a rover on a different planet. Recently, prevent execution
the medical community has made long strides towards An operator can work in the simulation environment
making minimally invasive robotic surgery a routine to plan and execute his mission either by controlling
procedure, but in most commercially available sys- the robot manually, or experiment with higher level
tems the operator has to be located in close physicalautonomous planning modules. Once mission execu-
proximity. Remote tele-operation is however always tjon in simulation is completed, a set of modules pro-
hampered by the inescapable bandwidth limitations cess the simulation data to re-create a mission plan
and communication time delays (latency). for the real robot. The modules are capable of accept-

Transmission delays and bandwidth limitation are ing user inputs to prioritize the mission’s goals and



remove any redundancy in the simulated mission. A With exception of (Wright et al., 2006) and (Yu
newly created mission plan is then uploaded to the et al., 2009), many teleprogramming systems focus
real robot for execution. The work presented herein on the operation of robot arms, while systems tailored
focuses on the use of Kalman filtering techniques to towards mobile robot tele-operation have gained less
determine the robot’s kinematic parameters and the attention. This might be due to the fact that the phys-
role of the different modules in the decoupling pro- ical simulation of mobile robots dynamics and envi-
cess. ronment interaction is non-trivial.
Professional robot simulators have sufficiently ad-

vanced to provide a satisfactory simulation of physi-
2 BACKGROUND cal interactions between robot and t_he environment.

Examples of commercial systems include Marilou

. . ) o (Anykode, 2011), Webots (Michel, 2004), and Mi-
Traditionally, bilateral tele-operation with time .05t Robotics Studio (Jackson, 2007).

delays requires specialized control schemes t0 as- pagictive simulators have also been used to allow

sure system stability and transparency. Good SUrveys . iti-robot coordinating missions as in (Chona et al
of these methods can be found in (Arcara and Mel- 20u06). nating missi in ( g B

chiorri, 2002) and (Hokayem and Spong, 2006).
All of these methods try to address the problem
of direct control of the slave by the master under the
presence of time delay. If the time delays are highly 3 SYSTEM ARCHITECTURE
variable or impractical to the operators other methods
have to employed. (Pan et al., 2006) takes a new ap- As stated previously, transmission delays, miss-
proach be proposing a dual predictor/observer control ing communication packets, and bandwidth limitation
schemes on both the master as well as the slave sideare an unavoidable feature of long-distance commu-
thus circumventing the usage of any delayed informa- nication. Communication latencies beyond several
tion. hundred milliseconds are generally unacceptable for
In one of the earliest attempts for an alternative human operators and produce dangerous control in-
paradigm, (Bejczy et al., 1990) displays a virtual stabilities. This paper proposes an architecture that
"phantom robot” on the master side that can be con- decouples the operator’s actions from the executed
trolled directly without time delay. In these experi- motions of the robot. This has several advantages
ments the real robot arm follows the phantom move- that can not be achieved in traditional tele-operation.
ments with the implicit time delay. Unfortunately, Given a representation of the environment, operators
this scheme increases the execution time of any mo-can plan and execute simulated missions without the
tion, because the operator will perform a motion on need for a permanent communication connection to
the phantom robot and then has to wait until the real the physical robot. Time-intensive trial runs can be
robot attains the same configuration. (Kheddar, 2001) shortened, while invalid inputs and redundancies can
first introduced the "hidden robot concept” that com- be corrected before any commands are uploaded to
pletely abstracted the movements of the real robot the real robot.
from the operator by only presenting him with a vir- The general control infrastructure will support
tual presentation. both goals of visual and operational fidelity on the
(Kheddar et al., 2007) provides a more recent sur- master’s side as well as tight closed-loop control with-
vey of the state-of-the-art in using virtual reality sim- out time delay by the slave (Figure 1).
ulations to overcome the inherent tele-operation lim- At the highest level, our Master-Slave Control Ar-
itations. Closely related to our work is the emerg- chitecture (Zhu et al., 2011) features a simulation
ing field of Teleprogramming (Hernando and Gam- server that maintains an environmental model and
bao, 2007) where the operator does not directly con- simulated robotic entities with sensors and actuators.
trol the robot, but a simulated copy. After an action is All simulation components are based on the com-
executed, an abstract command sequence that signalsercial Marilou robotics simulator (Anykode, 2011).
operator intent is sent to the slave robot. The authors Without a physical complement, a program can be
make an effort to abstract the underlying system vari- launched locally that controls the movements of the
ables on the master and slave side and only transmitrobot in the simulated environment. This is the master
operator intentions. This approach is laudable in its layer and it can function independently of any other
generalizing power, but has implicit requirements of communication.
accurate simulation models for robots and the envi-  The unigqueness of the control architecture lies
ronment. in decoupling the networked layers. The simulation
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Figure 1: General architecture of the control paradigm

layer is used to plan and execute movements before-kinematic parameters for use in simulation. These es-
hand. These planned movements guide the real robottimates are then passed as inputs to the modular plan-
that attempts to closely follow the simulated robot ning and execution system which processes the simu-
without the need for explicit user control, while main- lated data to generate a feasible mission plan for the
taining a degree of autonomy to cope with dynami- real robot (see Section 5). The significance of estima-
cally changing situations. tion errors in these parameters on the simulation are

A remote program residing on the slave in the highlighted in Section 6.
real world connects to the Master and reads the val-
ues from the simulated sensors / actuators. The com-
munication interface then translates the actuator com-
mands to the real-robot (slave). At the same time, 4 KINEMATIC ROBOT
real world sensors are read and data is fed back to SIMULATION MODEL
the simulation establishing a bilateral communication
interface; discrepancy in the received data from that  an accurate kinematic model of the controlled en-
predicted by the simulation causes control to be rans-ijty js essential for any predictive simulation of robot
ferred back to the Master. motions. The existence and accuracy of this model
The strength of the presented system, in compari- is an a priori requirement for both the validity of the
son to the predictive simulation systems mentioned in physical simulation in the master virtual environment
section 2, is its inherent ability to initially identify and  as well as the legitimacy of any simulated planning
continually update the simulated representation of the action.
robot. Previous work relied heaVily ona priori avail- In existing Systems that demonstrated the tele-
able simulation models or overly simplified physical operation of mobile robots, for example (Yu et al.,
modeling. In addition, the modularity of the archi- 2009) and (Wright et al., 2006), this robot model is as-
tecture allows easy addition of high-level planning or sumed to be provided to the simulator with sufficient
processing modules. accuracy. In most cases, the parameters of this model
While interpreting sensor data to recreate a simu- are hard to quantify, because values from manufac-
lation dynamically forms one component, itis equally turer’s specifications or manual measurements are ei-
important to have a robust model of the robot itself ther non-existent, prone to errors, or can vary from
in the simulation. Section 4 will focus on the use one robot to the next. Through the example in Sec-
of Kalman filtering techniques to estimate the robot’s tion 6 it will be convincingly argued that even small



changes of the robot's kinematic variables have a  Depending on the sampling time, the movement of
strong influence on the accuracy of the motion sim- a differential drive robot can be approximated either
ulation in the planning and execution stages. For any by a linear motion or, more generally, a circular arc.
system employing a simulated mobile robot, this fact Following the derivation for the latter case outlined in
cannot be overstated, because in the overall system ar{Wang, 1988), the state transition between time steps
chitecture many higher level modules will depend on kandk+ 1 can be described as follows:

the precision of the kinematic parameters.

This makes the need for an automatic calibra- sin(a)
_ . . Xk_1 == Ascos(Bx_1+0)
tion method more pronounced. In this section, the . n sna) . )
kinematic model of the well-known differential drive - g"*l =~ Assin(6k_1+0a)
configuration will be developed. In addition, a uni- k-1 A8
fied framework for the automatic identification of the HereAs denotes the distance that the cerderf

kinematic parameters of a differential-drive robot will - he ropot traverses along the circular arc. The change
be presented that allows off-line as well as online es- j, grientation is signified bp6y. o = 0B, /2 is simply
timation. Ideally, this process will be self-calibrating  {he half angle of the orientation change.

and should not require any human control input be-

yond a rough initial value of the estimated entities. 4 o Incorporating Odometry Readings

4.1 Basic Differential Drive Model In most cases, the odometry of the robot is derived
from encoders that are mounted on the driveshaft of
The differential drive configuration is acommonly en- the actuated wheels. Even if they are not equipped on
countered mobile robot combination that uses two ac- @ mobile base, they can easily be retrofitted.
tuated wheels and one or more (passive) casters. For Let &es be the encoder resolution per wheel rota-
the purposes of this work the parameters of this con- tion. This value is constant and assumed to be known.
figuration can be simplified according to Figure 2. The encoder count differences between time steps are
The kinematic parameters that should be esti- indicated byAe for the left wheel andier for the
mated are the diameters of the left and right wheels right one.

(d. anddg, respectively), and the wheel base Then the values fohs andA8 in Equation (1) can
be reformulated (under no wheel-slip conditions) as:

_ AsstAs  mi(d Ae +dr Aer)

B 2 - 2 Eres

_ As —Asg _ T(dL Ae —drAer) 3)
b Eesb

g p As is the distance traveled by the left wheel and

> <

As 2)

AB

Asy the equivalent quantity for the right wheel.

These derived equations will be used for estimat-
ing the state of the robot between time steps. Because
the robot state depends on our kinematic unknowns,
they can be estimated continuously while the robot
drives an arbitrary path.

4.3 Online Estimation

> X

Figure 2: Differential drive configuration. Herk anddg Eﬁtreis(t}l(rg?rgg% thlegZtoa)tzggai:lsn%éarnsyzt:mgt?vigaﬂ2:;”

denote the diameters of the left and right wheel, respec- ! ) y ;

tively. c is the center point between the actuated wheels P€en the de facto standard in the robotics commu-

andb is the wheelbase. nity. Under the assumption that all state variables are

perturbed by zero-mean normal-distributed noise, the

When the robot moves in 2D its basic state at time Kalman Filter is an optimal recursive estimator for the

instantk can be described by = [x,y,6]". Here the state variables of linear dynamical systems.

coordinategx,y) denote its position anél the orien- As can readily be seen by inspecting Equation (1),

tation of its body. the state transition between samples is described by



nonlinear equations. To handle that, this paper will
use the Extended Kalman Filter (Julier and Uhlmann,
2004), which linearizes the state transition equations
around the current mean and covariances of the esti-
mated quantities.

Akin to the state description in Section 4.1, our
state vector ix, but the process is how governed by
the non-linear functiorf:

Xk = f (Xk,l,Wk) (4)
Here, the non-linear functiori relates the state
Xk—1 from the last time step and process noige~
N(0,Q) to the current state.
A vector of measurements can be calculated by:

Zx = h(Xk,Vk) (5)
Here, the non-linear functiomrelates the a priori
statexx and measurement noisg ~ N(O,R) to the
expected measuremerzs
In the update step of the filter, external measure-
ments of the robot state need to be integrated into the

4.5 Experimental Validation

To validate the usefulness of the filter proposed in
Section 4.4, the robot is driven multiple times along a
circular path with a set of predetermined wheel veloc-
ities. Encoder readings of both wheels are recorded at
20 msintervals.

The absolute position and orientation of the robot
is determined by a mounted marker pattern that is
tracked by an infrared camera system. The optical
tracking data was logged and served as ground truth
for this test run.

The test is performed at relatively slow speeds, so
wheel slippage on the surface can be ignored. After
the run concludes, the Augmented EKF is executed
off-line on the log data. For the purposes of this evalu-
ation, only the mean estimated values for wheel diam-
etersd,. anddr and wheel basb are used for further
calculations.

As a baselined, , dr, andb were measured man-

current estimate. For the purposes of the experimentstally and the robot path was calculated through the

presented here, the absolute position and orientation
of the robot is measured through an external optical
tracking system by Optitrack. Alternatively, a scan

matching based approach with a mounted laser scan-

ner could be used.
4.4 Augmented Extended Kalman Filter

The state vectox = [x,y,6]" can be used to estimate
the pose of the robot based on internal encoder and
external tracking readings as outlined in Section 4.3.

If the values of the wheel diametads anddgr and
the wheel basd are known only approximately or
are variable during robot operation, systematic errors
will be injected into the estimation process. This will
invariably lead to a degradation of Kalman Filter per-
formance. Examples of systematic errors include un-
equal wheel diameters, wheel misalignment, and ef-
fective wheel base ambiguities due to non-point floor
contact.

To alleviate that, the ideas from (Larsen, 1998)
and (Martinelli et al., 2007) can be followed to aug-
ment the state vector by the unknown quantities. De-
viating from this previous work, the wheel diameters
and wheel base are added directly to the state vec-
tor instead of using an artificial multiplier. The aug-
mented state vector is thus

x = [x,y,6,dL,dr,b]" (6)
The linearized (6x6) system matrix can be derived
based on the Jacobians of the non-linear funcfiam
Equation (4). The partial derivatives can be readily
found through symbolic differentiation in Matlab.

dead reckoning equations ( Equation (1) and Equa-
tion (2)). One would expect the shape of the resulting
circle to closely resemble the shape recorded by the
optical tracker.

To each set of circles, an ellipse was fitted and
its measurements for major axis, minor axis and area
were used as indicators for the validity of the esti-
mated parameters. Table 1 shows the results of this
run.

Table 1: The robot is driven along a circular path. Tracking
data is collected and a dead-reckoned path is calculated for
different values of wheel diameters and wheel base. The
"Baseline” is measured manuallg(=dgr = 6.44cm, b=

26 cm), while the "Calibration” values are the mean output
of the Augmented Extended Kalman Filtelf (= 4.647cm,

dr =4.517cm, b= 26.98cm).

Major Axisa | Minor Axisb | Ellipse Area
(in cm) (in cm) (in c?)

Tracking Data 107.714 107.44 9089.235
(Ground Truth)
Dead Reckoning 109.875 109.036 9409.337
(Baseline)
Dead Reckoning 107.101 106.387 8948.930
(Calibration)

Clearly, the quality of the dead reckoning im-
proves with the newly calibrated values. This bodes
well for the integration of the calibration into the vir-
tual reality simulation of the mobile robot.

Although this experiment was performed off-line
for convenience, the Kalman filter is designed to ex-
ecute online while the robot is running and continu-
ously update its estimates.
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5 PLANNING AND EXECUTION Redundancy Removal: This module initializes
IN SIMULATION regions of interest based on the definition of redun-
dancy (user-specified). A matrix of distances between
The planning and execution stage is used on thethe coordinatgs on the_ redun_dant path is used to find
master (simulation) side of the tele-operation to al- Pinch points (intersecting points) across the curves.
low the operator to explore planning strategies and | "€S€ pinch points are used to delete any kinks or
preview anticipated robot movements. This stage is [°0PS in the robot path, which are redundant.
divided into modules that are processed sequentially ~Re-compute Control: The new path (time-series)
until a final successful behavior can be implemented is used to regenerate velocity vectors for the robot i.e.
on the real robot. Figure 3 depicts the six modules individual wheel velocities for the differential drive
used during planning and execution, highlighting the Steering mechanism are re-computed based on the de-
inputs and outputs of each module. The absence of ansired linear and angular velocities.
explicit input indicates that this information directly Filter Control Signals: The deletion of segments
flows in from the outputs of the module above it. in the original path may result in the new path requir-
Data Estimation: The data estimation module is ing instantaneous changes in robot velocity, leading to
implemented according to the description in Section 4 spikes in the control signal for each wheel. As a result
i.e. the robot wheel diameters and wheel base are es-of this deletion, the robot might be expected to be in a
timated using a Kalman Filter. new position at the next sampling instant that is phys-
Simulated Data Collection: The data collection ically infeasible to attain. The path must therefore
module logs all simulated data during a mission, in- be re-interpolated between the regions where spikes
cluding sampling time, left and right wheel velocities occur, resulting in smoothed control signals for each
of the robot, encoder counts, and all readings of the robot wheel. For every control signal spike, the path
mounted sensors. of the robot is interpolated by increasing the travel-
Mission Planner: The mission planner integrates time between the spike-points. This involves a re-
the estimated and simulated data to re-create the exesampling of the position and velocity vectors of the
cuted mission including generation of the coordinates robot to increase overall time for the mission. The
of the robot path that must be passed as an input to theorientation of the robot must be interpolated sepa-
redundancy removal module. rately since simultaneous changes in position and ori-



entation of the robot can occur during the removal
of kinks. Magnitude of velocity and angular veloc-
ity of robot are together used to determine left and
right wheel velocities. The process is also iterative
for each spike in the list, since the newly computed L e eyl s
values for position and orientation are re-used in the L
interpolation process.

Left Wheel Velocity (m/s)
Right Wheel Velocity (m/s)

Wheel velocities (m/s)
o

5.1 Case Study: Simple Wall Following |

Routine

Distance to wall (m)

Vel ] iy - vkl e )
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A simulation scenario was created with a right-angled e
wall in the center of an indoor environment as shown
in Figure 4. The simulated robot had a single infrared
sensor mounted at its side at an acute angle, and a
bump sensor. The robot utilized a differential drive
steering and was programmed to perform a simple
wall following routine. When the bump sensor was
triggered on contact, it would cause the robot to re-
verse; following which it turned to its left and moved
along the wall using a loosely tuned proportional con-
troller acting on the error from the desired wall dis- L
tance. The green dotted lines in the depiction indi- Time (5

cate a rough path that the robot would follow when rigyre 5: wall Distance and Wheel Velocities. The graphs
this algorithm was used. The red dots indicate regions are described in detail in Section 5.1.

where the robot would have to back up since the bump

Left Wheel Velocity | | ]
— Right Wheel Velocity (C)

Juit
i

Wheel Velocities (mm/s)

Time (s)

4 Fosos S 1 (d)

Distance to Wall (mm)

sensor was triggered. 5 ‘ @
: : 035
' _ WA T N
Right-Angled Wafll’ ;:: = \ 028
o2}
’.v}‘*‘JM g 5
// z'g P Z 015 g :
we, - 2 RPN A LS S
S\ & 2 8 5
S \ = = - W
\ 5\5 s 3 T N
YW = -
Bump Sensor sﬁ \
Simulated Robot 08| W= —— - - -~ I‘" w 005 :
Vo I O A -t SR
Infra-redsensor ) L PR S S AN
. . . S 5 05 1 15 52 03 o4
Flgure 4: S|mu|at|0n Setup X-Displacement (m) K-Displacement (m)

. . Fi 6: Path of Robot duri [I-followin
Figure 5(a) shows the left and right wheel veloc- 'gure ath ot Robot during wa wing

ities during the wall following routine. Figure 5 (b)

shows the distance to the wall as measured by thearound the right-angled wall in the simulation. This
on-board infrared sensor. A section of both graphs is generated by thmission plannermodule. A por-

is magnified for closer examination (Figure 5(c) and tion of Figure 6 (a) has been zoomed into in Figure 6
Figure 5(d)). The data is generated by combining the (b) to show the redundant traversal of paths by the
data estimationandsimulated data collectionmod- simulated robot. This occurs when the bump sensor
ules. The continuous oscillations to compensate for makes contact with the wall and the robot backs up
the wall distance-error highlights the implementation before turning away. In this case, redundancy is de-
of the proportional controller. Notice that the high fined as a portion of the path that can be eliminated
values of wall distance result in a corresponding dif- from the simulated path, without causing a change
ference in wheel velocities causing the robot to turn to the robot’s exploration route that would result in
in an arc until the infrared sensor picks up the wall the oversight of valuable information. All sections of

again. 'bump and backup’ are therefore classified as redun-
Figure 6 (a) shows the actual path of the robot dant.
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Figure 7: Regions of interest showing 'pinch points’. right wheels of the robot

Figure 7 shows the regions of interest identified
based on the mission planner and the correspondingly

computed pinch points. These pinch points are pro-6 EFFECT OF ERRORS IN
cessed to delete redundant segments of the path in be- PARAMETER ESTIMATION

tween. This task is performed by thedundancy re-
moval module, resulting in a smooth path as shown o _ _ .
in Figure 8 (a). The smooth path is passed as an  The mission planning module relies on the esti-

input to there-compute control module which cal- mated kinematic parameters to determine the robot’s
culates the wheel velocities required to achieve the path in simulation. Specifically, the module integrates
new path. The module also notifies tfileer control the wheel velocities over time to determine the path

signal module of any instantaneous large changes re-taken by the robot during the simulated mission. Er-
quired in the wheel velocities to help the robot achieve rors in the kinematics therefore propagate through all
a specific position and orientation. These are shownthe modules from an early stage. To illustrate this
in Figure 8(a). The filter control signal module then effect, the estimated wheel base value was modified
interpolates the path as described previously to helpby 4% on either side of the ideal value. The drift
achieve a final smoothed path for upload to the main in the simulated path on either side of the actual path
robot. The processed control signals (before and afteras shown in Figure 10 is a result of this error in the
removal of spikes) for each of the wheel modules is estimate. The mean squared errors between the ac-
shown in Figure 9. It must be noted that in the newly tual path and the resultant error-ridden patti€%)
calculated path (for upload to the real robot), there are found to be A043m and 01033m respectively,
are no collisions with the wall, since this has already While the sums of absolute difference between the
been compensated for from the information provided paths are found to be 19847 m and 1967018 m

by the simulation. correspondingly.
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