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Abstract—Teleoperated robots often have unpredictable behaviors due to uncertain time delay in data transmissions over
Internet. The robot cannot accomplish commands or actions
issued by the remote operator in time, which severely impairs its
reliability and efficiency. This paper investigates the strategy of
modeling the operator’s intention online by the teleoperated robot
via the commands it received. Having deduced the intention,
the robot could identify and thus autonomously accomplish
the corresponding task without frequent interactions with the
operator. Therefore data transmissions between the operator and
the robot for task realization and performance evaluation can be
minimized, and the impact of uncertain transmission delays on
the efficiency of the entire system can be reduced. The robot, as
an efficient manipulation tool controlled over the Internet, could
be endowed with specified capability to improve its performance
in the distributed environment. Intention of controlling and
operating the robot is first expressed in planar or spatial grids
and then incrementally inferred based on Bayesian techniques.
Experiments with a teleoperated office robot show the validity
and feasibility of the proposed method.
Index Terms—Bayesian inference, intention model, teleoperation, uncertain time delay.

I. Introduction

W

ITH THE growth of the Internet, web-based telerobotics has attracted more attention during the last
decade. Online robots of different forms allow users to perform
a variety of operations remotely. Although Internet robotics
is a relatively new research area and still in its developing
phase, it enables a new range of applications, such as on-line
laboratories and museum tour guides. However, the arbitrary
and unknown time delay of Internet communications obviously
prevents the user from having a timely interaction with the
robot. The user (web operator) cannot have a complete control
of the remote robot. Consequently, the performance of the
networked robot as well as its applications is greatly limited.
There have been efforts to deal with this problem. One
of the solutions is to provide the user a predictive synthetic
visualization [1]–[3] of the command effects in the remote
environment. It enables the operator to understand the effects
of a command on the remote robot before the command is
actually executed. The simulations are conducted at the user’s
side, and do not include time delays by data communications.
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This simulated visualization could be very realistic if the
remote robot and its environment are fully modeled [4].
However, a complete understanding of the remote scenarios
is generally difficult to obtain in most of the applications.
Itoh et al. [5] proposed a new predictive display method for
real-image-based teleoperation in constrained space without
using any environment model. The simulated visualization
is downloaded first and installed before the system runs.
Obviously, user’s control to the remote robot in this scheme
is actually in an open-loop way, although the simulated visualization can be compensated by feedback information from
the remote site.
Much work has also been done in controlling the remote
robots with delays using bilateral control [6]–[8], including
both the contact force and position (velocity) of the robot. In
bilateral control, force is the input and velocity is the output in
the teleoperator side, whereas velocity is the input and force
is the output for the robot. There have been some new ideas
presented so far in controlling such kind of systems. In [6],
passivity and scattering theory were used to analyze system
stability and derive a compensation scheme for constant time
delay. Mitra and Niemeyer [7] further extended this result via
introducing wave variables to define a new configuration for
force-reflecting teleoperators. This framework adapts gracefully to delays, leading the system to be sluggish rather than
unstable when delays are substantial [8]. Cho and Park [9]
proposed a sliding-mode-based impedance control for the slave
side in order to reduce impact forces and achieved a sustained
stable contact, whose performance was illustrated in [10].
Also, the problem of parametric uncertainty was studied in
[11]. Xi and Tarn gave a state-space formulation to deal with
collision avoidance under variable time delays [12]. They
reported an experiment controlling a robot in St. Louis from
Albuquerque, in which stable control under arbitrary time
delay could be attained, regardless of time-delay properties.
Although control of teleoperated robot systems has been
addressed widely in the last decades, it is not yet clear
what the best control scheme is [2], [6], [7]. When using
scattering-based communication channels, local and remote
sides exchange only velocity and force information, which
may lead to a position drift between master and slave, as
reported in [13]. Moreover, the scattering formalism preserves
passivity of the communication channel in general only for
constant transmission delays [14], [15], and passivity alone is
not sufficient to guarantee good performance. The wave-based
method is inclined to cause the wave reflection problem. The
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master-slave system is actually not passive in that the operator
is within the system, though the wave-based method has
originated from the passivity theory [16]. A comparative study
on control schemes for teleoperation with time delays could
be found in [17], which implies that a thorough understanding
of the characteristics of Internet delay is essential but rather
intangible. Stability analysis of an Internet-based robot system
under variable time delay and packet loss could be found in
[29]. Son et al. [30] established the connections between the
maneuverability of mobile robots and the perceptual sensitivity of the remote environment for bilateral teleoperation of
multiple mobile robots.
Since the time delay is an inherent property of Internet, it
is reasonable to seek solutions by resorting to the autonomy
of the robot. Additional specially-assigned intelligence might
be embedded into the remote robot [2], so that the robot could
understand the user’s command and execute the assigned task
autonomously without frequent interactions with the operator.
In this way, the operator assumes a supervisory role and
assigns task to the robot at a high level, where high bandwidth
communication is not absolutely required. Even if Internet
communication is sometimes lost, the teleoperated robot may
still be able to continuously conduct the prescribed task
autonomously. Hence, communication between the robot and
the user is minimized, so is the impact of time delay upon
system performance.
Normally, the user’s behavior, i.e., the control command
issued by the user to the robot, reflects his intention for
the robot to accomplish a specific task. The user’s control
commands are formed from his perception and intention
sequentially. However, due to the uncertain data transmission
delay, control commands cannot promptly be received and
realized by the robot, and also the user may not perceive
in time the robot’s status changes as a consequence of his
operations. Since the user cannot promptly perceive whether
his intention has been realized, he is likely to issue redundant
control commands to the robot to strengthen his intention. As
a result, the robot will receive many redundant or unreasonable
commands, which may be of great likelihood to disorder
the robot’s behavior, degrade the task performance, or even
damage the robot system.
This paper investigates the capability of the teleoperated
robot to model the web user’s intention from the interactions
between them. Inference of the intention in teleoperation must
be done in real time along with the user’s operation to the
remote robot. The Bayesian inference method, which can
be used to model uncertain events [18]–[20], is employed
with the help of a sequence of user’s control inputs and
robot’s sensory feedback. The grid-based representation is
developed to model the user’s intention. The robot can predict
and perform the user’s desired action autonomously before
it receives the actual control command. On the other hand,
when the user’s command is received, the robot can compare
it with its prediction and update the user’s intention model.
Ideally, if the user’s intention for a prescribed task is well
modeled and captured by the teleoperated robot, the robot can
autonomously carry on the task without interactions with user,
i.e., teleoperation could be conducted at no communication

cost. Consequently, impact of uncertain time delays on the
performance of the robot teleoperation could be minimized.
The remainder of the paper is organized as follows. In
Section II, we describe in detail the Bayesian learning model
for the user’s intention. Section III discusses how to apply
the intention model to an Internet-based office robot system.
Experimental results are demonstrated in Section IV, followed
by comparative studies in Section V and the conclusion in
Section VI.
II. User Intention Model
A. Intention Learning Model
To understand the user’s intention in the dynamic environment of teleoperation, we take advantage of Bayesian filtering
technique [18] that has successfully been used in a variety of
robotic applications [19], [20]. The key idea is to maintain the
probability distribution of the state of a dynamic system from
a sequence of sensors’ noisy observations.
Here, the state of interest is the user’s true intention to drive
a networked robot to accomplish a task, and observations are
the feedback from the networked robot and commands from
the user (operator). Hence, the problem can be described as:
given the knowledge of robot state sequence and controls
that the robot has received up to the current time moment
t, estimating the state of the user intention at t.
The robot perceives user’s control commands as well as its
state measurements. Let Dt = {dt , dt−1 , · · · , d1 , d0 } denote the
stream of the robot’s observations, where di (0≤i≤t) is either a
robot’s sensor measurement or a user’s input. User’s intention,
i.e., control commands for the robot to conduct a task or the
state that the robot is going to be in, is denoted by a variable
u. Suppose ut is the user’s intention at the time moment t,
and Ut is the corresponding variable set. Typically, the robot
does not know the exact intention of the user; instead, it has
a probability distribution of what the user might be willing
to do. Let P(Ut |Dt ) denote the probability distribution of the
user’s intention at the moment t over the intention space. For
example, P(Ut = ut |Dt ) is the probability density conditioned
on all observations Dt , with which the robot is assigned the
possibility describing the user’s intention ut at time moment t.
Since the probability distribution is updated according to
the sensory measurements of the robot states and the control
commands from the user, we specify the sensor measurements
in the stream of Dt by v and control commands by c, and
the corresponding random variables by V and C, respectively.
Notice that control commands and sensors’ measurements
have different contributions to intention learning by the robot.
Sensory feedback from the remote environment provides
basic knowledge for the user to form his intention, whereas
control commands are the direct reflection of intention. The
robot indirectly perceives the user’s intention by receiving
his control commands.
In general, the complexity of computing such posterior
densities grows drastically over time since the amount of all
measurements increases exponentially over time. To make the
computation tractable, the dynamic system is assumed to be
Markov, i.e., all relevant information is contained in the current
state variable ut .

SU: REPRESENTATION AND INFERENCE OF USER INTENTION FOR INTERNET ROBOT

To capture the user intention, the density P(Ut = ut |Dt ) at
time instant t is recursively computed. This is implemented in
two phases, depending on whether the most recent data item
dt is a sensor measurement or a control command.
Prediction Phase: In this phase, the user’s current intention
is predicted in the form of a predictable probability density
function (PDF) P(Ut = ut |Dt−1 ), taking only the robot’s
sensor information into account. Assuming that the current
state ut is only dependent on the previous state ut−1 and
an available sensor measurement vt−1 , the conditional density
P(ut |vt−1 , ut−1 ) is specified. The predicted PDF can then be
obtained by
P(Ut = u
 t |Dt−1 )
= P(Ut = ut |vt−1 , Ut−1 =ut−1 )P(Ut−1 = ut−1 |Dt−1 )dut−1 .
(1)
This phase is modeled by P(ut |vt−1 , ut−1 ), specifying the
probability of the user’s intention ut , under the measured
sensor information vt−1 and the fulfilled user’s intention ut−1 .
The following relation could be obtained from the Bayesian
rule:
P(vt−1 |ut , ut−1 )P(ut |ut−1 )
P(ut |vt−1 , ut−1 ) =
.
(2)
P(vt−1 |ut−1 )
When inferring the parameter value ut , P(vt−1 |ut−1 ) can be
represented by a constant 1/λ since it does not depend on ut .
Thus, (2) can be simplified into
P(ut |vt−1 , ut−1 ) ∝ λP(vt−1 |ut , ut−1 )P(ut |ut−1 ).

(3)

Correction Phase: The commands received from the user
are incorporated to obtain the posterior PDF P(Ut = ut |Dt ),
where the new control input is used to rectify the predicted
PDF from (1). It is assumed that the user’s input ct is
conditionally independent of earlier measurements Dt−1 =
{dt−1 , · · · , d0 } given the current intention ut . Accordingly, the
posterior PDF is obtained by using Bayesian rule
P(Ut = ut |Dt ) = ηP(ct |Ut = ut )P(Ut = ut |Dt−1 ).

(4)

Here, the term η is simply a normalizing constant that
ensures that the posterior PDF over the entire state space sums
up to 1. This phase is modeled in terms of P(ct |ut ), which
expresses the likelihood that the user’s intention is ut given
that ct was received from the remote client.
It is reasonable to assume that user’s current intention is
consistent with his past intention. So P(ct |ut ) is expanded by
integrating over the state ut−1 using marginalization principle

P(ct |ut ) = P(ct |ut , ut−1 )P(ut−1 |ut )dut−1 .
(5)
The processes of prediction and update phases described
above are iteratively repeated. The initial knowledge about the
user’s intention u0 is assumed to be available in the form of
a density P(U0 = u0 ), which is typically uniformly distributed
over all allowable intentions if no prior knowledge exists. The
evaluation of P(vt−1 |ut , ut−1 ) and P(ct |ut , ut−1 ) depends on
definitions of c, v and u, as well as the relation between
sequential intentions. It is easy to obtain the probability
P(ui |uj ) (with 0≤i, j≤t and i = j) because of the grid-based
state representation under consideration.

Fig. 1.
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User intention representation. (a) Plane grids. (b) Spatial grids.

B. Grid-Based User Intention Representation
Generally, the remote robot behaves by following a sequence of commands from the user over Internet. After a
command that reflects the user’s intention is received and
executed by the robot, the robot arrives at a new state. The
accessible state space, namely realizable intention set, depends
on task definitions as well as the realizable actions or behaviors
of the robot. For example, if the robot is equipped with a
camera that is able to zoom or pan/tilt, the realizable user’s
intention by the robot could be more than that when only
the robot can be controlled. In the teleoperation, particularly
on a low level of interaction between the robot and the user,
state transition of the robot is driven by the user’s command.
In other words, any sequential intention is derived from the
current intention by the user’s input.
It is essential to represent the intention distribution in the
intention model. The suitability of a representation could be
evaluated by how well it describes the intention and how
easily the relevant information can be inferred. Here, the
intention grid is proposed to represent the web user’s intention
distribution. It is inspired by the grid-based representation
[21]–[22], which has been applied successfully to robot
localization and navigation.
The intention grid uses a probabilistic tessellated representation of the robot’s state, which is a multidimensional
random field that depicts estimates of the user intention in
a lattice. In the intention grid, the state space of the robot
is represented by and divided into several grids, each of
which holds a weight describing a particular patch of the state
space occupied. These weights are obtained and incrementally
updated by interpreting the incoming sensor feedback and user
inputs with the intention model described above.
Fig. 1(a) illustrates a 2-D structure of the intention grids,
where the reference axes denote various controllable modes
and the planar resolutions depend on the definition of corresponding control command. Every cell in grids represents
one intention state, and the whole grids are the user intention
set. For example, X and Y indicate that the robot is able to
move in two directions. When a control command that drives
the robot forward by a given displacement is completed, the
robot’s state transfers. In the intention grids, it is displayed
that the user’s intention is from the current cell to the next
one along the x-axis. In the grids, the black cell represents the
user’s current intention and the others are all possible next
intentions. However, four neighboring cells, for example the
gray one, are the next intentions of the highest possibility,
since only neighbors of the current cell can be reached with
a single command. That is to say, the user intention can only
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shift in the sequential cells, which is realized by controllability
of the robot. This intention grid can easily be extended to
higher dimensionalities. The 3-D grid is shown in Fig. 1(b),
where z-axis represents a new mode to control the camera to
pan/tilt. In this case, the number of the next possible intentions
increases, from four in the planar case [Fig. 1(a)] to six in
the spatial one [Fig. 1(b)]. The intention set expands as the
reachable states or modes of the whole robot system increase.
The intention grids depict dependence relations among user
intentions, and the cells denoting sequential user intentions are
adjacent in the intention grids. Therefore, given the current
intention, it is easy to recognize the possible next intention,
as well as the corresponding transition probability, which
is critical for online modeling of the user’s intention. The
structure of intention grids depends on capability of the robot
system and definitions of control commands, which allows
a variety of robotic tasks to be addressed through direct
operations on intention grids.
C. Integrating Intention Model into Mobile Robot Control
Human behaviors are generally triggered by intention. Control commands reflect a sequence of the user’s intention for
the robot to execute. Ideally, the robot is able to fulfill the
required task by the user’s direct control. The corresponding
flow of information is shown as the solid lines in Fig. 2. The
robot receives the command reflecting the user’s true intention
from the client site and is driven to the desired state while
avoiding obstacles. Here, if the communication between the
robot and the user is smooth and fast, the robot can receive
sufficient control from the web user and conduct the assigned
task accordingly.
Unfortunately, uncertain time delays from the Internet communications cause inconsistence of interactivity and the great
loss of controllability for the web-based robot system. In this
case, the intention model adopted can autonomously send the
corresponding control command to drive the robot to the correct state. By intention model, the user’s intention is predicted
first. When the user’s command comes, the predicted intention
is corrected accordingly, whereas the corrective intention is
used to predict next intention. The processes are conducted
iteratively and the intention model is updated until the true
intention is captured. Based on the inferred intention, this
model, instead of the user, issues the command to control the
remote robot to perform the user’s desired action. The dotted
lines in Fig. 2 depict this control process flow. In this way,
human-robot interactivity is restored to some extent.
III. Internet-Based Office Robot
During the teleoperation process of a robot, there is normally a time interval between the command issued and visual
scene changes due to communication delays. In this case,
the operator tends to input more commands to strengthen his
intention, which causes the robot to overshoot the desired
position. Thereafter, the operator should send commands of
opposite motion to the robot to bring it back. A similar
procedure happens when the robot moves toward the opposite
direction. These two control procedures interplay, which leads

Fig. 2.

Flow of information.

to the robot wandering back and forth in the neighborhood of
the correct location and/or posture, but never precisely arriving
at it. This phenomenon inspires to design a networked robot
system that can infer the user’s intention to understand its
prescribed task, and then implement this task autonomously.
An Internet-based office robot (IOR) has been developed
based on a Pioneer2DX mobile robot with a Sony EVID31
camera of 3° of freedom (pan-tilt-zoom). There is an odometer
and 8 × 2 sonar sensors inside the robot for localization,
distance measurement and obstacle avoidance. It is connected
to the Internet by a Sony laptop computer with 802.11b
wireless communication protocol for the Internet control. Any
Internet user can control IOR to move or carry out some
physical work in an office environment just with a web browser
at local sites.
A human user can only influence the robot’s behavior by
issuing commands via the web user interface shown in Fig. 3.
IOR allows the user to switch the control mode between direct
control and autonomous control via specially-developed graphics user interface (GUI). The direct control mode supports
a low-level control for the user, where the user can use the
joystick to control the moves of the robot and the camera
step by step. In the autonomous control mode, the robot
learns the user’s intention by the intention model implanted.
It should be noted that the inferred intention dominates the
robot in autonomous control to plan its actions. If the estimated
intention value is less than a prescribed threshold, the robot
works by following the user’s direct commands. Otherwise,
the robot will move autonomously according to the inferred
intention.
Fig. 3 shows the GUI of the IOR. A graphical sonar signal
and real time video are displayed on the left side. A camera
mounted on the top of the robot provides visual feedback of
the robot’s view for the user. A global map of the office is
at the right side of the GUI, where the robot’s behaviors and
locations and environmental features are shown and updated
in real time. At the middle-bottom of the GUI, there are two
pull-down menus for selecting the robot’s control mode and
assigning tasks, and eight buttons for generating commands
to control the mobile robot and the affiliated camera. The
networked status and location information of the mobile robot
are shown in the window at the right bottom part of the GUI.
For the sake of simplicity, a 2-D state vector u = x, y is
used to denote the user intention, i.e., the user wants the robot
to rotate to the x-th heading direction with the y-th level of
visual angle. The corresponding intention grids are shown in
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Experimental task.

System architecture diagram of IOR.

Fig. 1(a), where X and Y denote rotation levels of the robot
and vertical view levels of the camera, respectively. The user’s
command set consists of eight instructions to control the robot
and the affiliated camera, and the robot orientation set v is just
x. The possible values for all attributes are presented in Table I.
Based on definitions and possible values of c, v and u (Table I)
and the intention grids, it is easy to apply the intention model
and obtain the probability in (3) and (5).

IV. Experiments
The ping end-to-end reporting (PingER) is an Internet
end-to-end performance measurement project to monitor endto-end performance of Internet links, which now involves
thousands of sites in many countries all over the world [23].
Using delay time data and the statistical properties from the
PingER project, variable communication delays over Internet
within the time interval of (0, 5) seconds could be realized in
the experiments.
A basic and typical function of a mobile robot is to go
to X position. Such a task is carried out by an IOR in an
office of 64(8 × 8) m2 . The experiments demonstrate that the
proposed model has the ability to capture the operator’s true
intention. The user wants the robot to go ahead in a specific
heading direction with a prescribed visual angle, to approach
a red object and then reach the goal (door) along a smooth
and efficient path, as shown in Fig. 4.
A. Learning User’s Intention
The robot is assumed to turn 30° to the left/right after a
robotLeft/Right command is received, and the camera tilts
10° up/down when a cameraUp/Down command received.
Within the rotating range of the robot and the view range of
the camera, there are 12 sequential robot headings denoted
by X∈{1,2, ... ,12} and three view levels represented as
Y∈{1,2,3} to form the intention set. Thus the user’s intention
set is formed with 36 possible values. The true intention, i.e.,
the user wants the robot to go ahead at a specific heading

Fig. 5. User’s intention inferred probability distribution after 5, 10, 15, and
20 steps.

direction with a prescribed visual angle, is known before
experiments. It is used for comparison with the predicted
results from the intention model.
Fig. 5 shows plots of the predicted intention probability
distributions after learning steps 5, 10, 15, and 20. X and
Y denote 12 robot’s rotation levels and three camera’s view
levels, respectively. The peak that corresponds to the user’s
true intention is labeled by U.
At the beginning, the cells representing the robot’s initial
state and its adjacent ones are assigned large probabilities.
Peaks of zero values are the states that the IOR does not arrive
at. From the 10th to the 15th step, the peak labeled by U
becomes one of the highest peaks, but it is not constantly the
highest one due to the subsequent redundant commands and
insufficient learning samples. It reflects the true scenario that
the robot wanders back and forth in the neighborhood of the
desired state. After learning adequate samples, it becomes the
highest peak steadily with probability about 0.19 at the 20th
step, and the user’s true intention is thus successfully captured.
B. Application of Intention Model in the Experiment Task
The experimental task (see Fig. 4.) is carried out under timedelay condition simulated by PingER project. To illustrate the
advantages of intention model, the experimental task is conducted in two control modes: direct control and autonomous
control based on intention model. Fig. 6 shows the paths of the
mobile robot (sampling time: 1 s) in two modes with variable
time delay of 0∼2 s.
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TABLE I
Establishing Attributes and Their Possible Values

Fig. 6. Paths of IOR using direct control and intention model-based
autonomous control under varying time delays.

The user controls the IOR to travel from the initial position
S to the destination G under the direct control mode. As a
result, a zigzag path is explicitly shown in Fig. 6. With the unknown delays, the path is rather rough and steep, which means
that it is very difficult to directly teleoperate a mobile robot to
reach a desired position. Furthermore, the robot should have
collided with the obstacles (desk or chair) if the robot did not
have the basic embedded intelligence for obstacle avoidance.
The dashed line in Fig. 6 shows the path of the IOR when
it moves in the autonomous control mode. At the beginning,
IOR is driven step by step by the user commands, which are
also accumulated for learning user intention. The intention
model is inferred and starts to work as the user’s commands
(intention) are sufficiently accumulated and learnt, with which
the probability space of the estimated intention develops.
When the maximum probability of an intention is larger than
a predefined threshold value (set as 0.2 for this task), the robot
starts to autonomously move on according to this inferred
intention. Here, the IOR arrives at position A.
From position A, the robot moves autonomously based on
the intention (heading toward the up-right direction in the map
of interface) inferred from the user’s inputs and sensors data
when IOR travels from S to A. When the IOR is close to
the position B, the user’s intention, controlling IOR to move
around the corner of the obstacle, has been realized.
However, from this moment, the heading of the robot is not
aligned with the user’s desire any longer, since a new heading
direction (toward the right) is required for the final destination

G. The user sends commands to achieve his new intention, so
that the distribution of inferred intention varies and the highest
probability estimated in intention space decreases. When IOR
reaches the position B, the intention maximum is less than the
threshold value. Thus, from the position B, the autonomous
moving of the robot ends and the IOR is driven by the user
step by step again.
When the IOR travels from B to C, it learns the user’s
current intention again with the intention model. The estimated
probability corresponding to the current intention increases
gradually. And when the IOR arrives at position C, the maximum probability value of the estimated intention is greater
than the threshold value. So from C, the IOR starts to move
on autonomously with the inferred intention, i.e., the desired
heading toward the right on the map of the interface.
Similar to the case at position B, when the IOR is close to
D, the user’s intention changes and the new desired heading is
downward. The robot is controlled by the user again from D to
E, and then moves forward autonomously from E to F. When
approaching F (a red object), the user’s intention changes to
upward again. Finally, the user operates the IOR to reach the
Goal G. As shown in Fig. 6, the IOR has a better path to the
goal position G in autonomous control mode compared with
that in direct control mode.
To evaluate the control performance in various conditions
and environments, twenty tests are performed for the IOR
to conduct the same task under two conditions of different
communication delays with two control modes. Table II shows
the results, among which time consumed, interaction times,
and path length are the average values of all tests in each
corresponding time delay interval. It is easy to see that the
autonomous control based on intention model requires less
time, a shorter path length and fewer times of interaction to
accomplish the task. Besides, the mobile robot in direct control
cannot complete the task in some experiments because it loses
control when the time delay is too large. Hence, the application
of intention model improves the performance and effectiveness
of IOR with time-varying delay.
C. Performance Analysis
As shown in the experiments, direct control is safe if the
robot has the basic intelligence of obstacle avoidance. Direct
control gives the human operator a strong feeling of interaction
with the robot. However, due to varying delays, the human
operator does have to spend more efforts to issue control
commands, while the performance of task fulfillment still
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TABLE II
Statistical Results of Experiments

degrades greatly. It is obvious that direct control is not suitable
for the case that uncertain Internet time delay exists.
The autonomous control based on the user intention model
could compensate for the disadvantages of direct control, in
which the performance and efficiency of the robot system are
improved. On the other hand, there is still adequate interaction
between user and robot in this mode. Hence, autonomous
control is a suitable on-line control strategy of the mobile
robot under uncertain or long time delays.

V. Comparisons with Existing Approaches
As discussed in Section I, many approaches have been
used in online robot systems: the predictive display approach
[1]–[5], impedance control [9]–[11], the event-based approach
[12], passivity and scattering theory [13], [14], and wave
variables strategies [16], and so on. However, these control
paradigms are not suitable for mobile vehicles that navigate
in an unstructured or unknown environment, but only used
for the telemanipulation systems that are often with haptic or
force feedback [30] and located in a well-structured or limited
workspace.
Direct control is a widely accepted control paradigm for
Internet-based robot teleoperation. Typical example is the
KhepOnTheWeb system [24], where the user is able to control
the robot’s movements via clickable images fed back from a
camera as it moves within a small maze. Obviously, direct
control is less efficient because of the high latency caused by
Internet.
It is more common for Internet-based tele-robotic systems
to use supervisory control [25]. In this case, problems arising
from the Internet are alleviated by giving the robot more
local intelligence. Unfortunately, most of such systems lack
adequate interaction between human operators and robots.
Researchers are also attempting to add more human robot
interaction in the form of supervised autonomy, interactive
control, shared control, cooperative control, collaborative control, and so on [25∼28]. Supervised autonomy [25] and
interactive control [26] allow some qualitative instructions or
linguistic commands to be implemented. However, it is a difficult problem how to deal with conflict and integration between
different commands in a rational way. The cooperative control
[27] allows either the robot or the operator to become the
supervisor during certain intervals. The collaborative control

in [28] is a model based on human–robot dialogue. Both the
cooperative control and collaborative control are difficult to
apply to Internet-based mobile robot teleoperation because
the robot cannot obtain prompt suggestions from the human
operator due to the uncertain Internet delays.
Experimental results in Section IV demonstrate that the
user intention model provides much higher efficiency than the
direct control in dealing with remote teleoperation. Moreover,
compared with supervisory control, the user intention model
improves interactivity between the user and the remote robot
to a great extent. Whereas in supervisory control, the human
operator can issue only very high-level instructions to the
robot and it is difficult to obtain the robot’s running status or
information about the events that the robot has encountered. It
should also be noted that the intention model developed does
not require any a priori data, e.g., environmental knowledge
and human suggestions or expertise. It works in an unsupervised manner and can start to learn from any people over
Internet at any time.
Through the intention model, the robot learns the user’s
control intention from human-robot interaction to improve its
intelligence and accomplish prescribed tasks better. So long as
the human-robot interaction exists, the proposed scheme can
work. In this sense, the proposed method offers an extensive
range of applications, such as for the robot to help a patient
in an isolated ward in a hospital or find a specific object in a
radiating location.

VI. Conclusion
It is essential to endow the robot with the ability to learn
from experience. A robot’s autonomy should be improved
gradually when it interacts with human beings and other
robots. An inference system is proposed to infer user’s intention through human-robot interactions. The Bayesian inference
strategy is proposed as an exemplified technique, which is
composed of prediction phase and correction phase. In the
prediction phase, the robot infers the user’s intention from
its sensor information; while in the correction phase, the
robot corrects its inference using user commands received.
Experiment results show that the robot with the proposed user
intention model could accomplish prescribed tasks better via
recognizing and evaluating the user’s intention at the same
levels of human-robot interaction and robot autonomy.
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Human-robot interaction can take place at different levels,
and human intention in the context of interaction can be
displayed in different forms. Future work lies in extending
the strategy to more complex applications, such as involving
robot velocity in user’s intention modeling, and assigning
different weights to prediction or correction phases according
to different task requirements. Other intention learning and
modeling techniques, such as multiinstance learning strategy,
could also be investigated for different applications.
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