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ARTICLE INFO ABSTRACT
Keywords: This paper presents a framework for telepresence robot navigation in dynamic environments with network-
Telepresence system induced time delays. The proposed system introduces a predictive control model that processes sensor data,

state estimation implements real-time control algorithms, and transmits commands to enable robust remote navigation. To ad-

;i;:xe ?}c;lay dress visual and control discrepancies caused by latency, a state estimation model is employed to minimise the
;re(jirictiizrgisplay visual disparity between the robot’s actual and perceived positions. Additionally, a simulation-based predictive

controller anticipates operator commands to improve teleoperation accuracy. A key contribution of this work
is the development of a low-cost, simulation-based telepresence platform that enables controlled experiments
without relying on expensive physical infrastructure. The system is designed for flexibility, allowing parameter
adjustments to suit a range of experimental conditions. By integrating predictive technologies and addressing
latency-related challenges, this research advances the state-of-the-art in telepresence robotics and provides a
practical, reproducible foundation for future studies in remote robot navigation.

robot simulator

1. Introduction . . . . .
introduces time-varying delays, which can distort reference commands,

response time, and feedback signals, leading to system instability or
poor performance. The time lapse between making a decision and
perceiving its consequences introduces uncertain time delays, resulting
in a mismatch between the received robot’s state at the operator’s side
and the actual robot’s state in the remote environment. This mismatch
negatively impacts the human operator’s performance. Compensating
for these time delays is advantageous for the robust navigation and
manipulation of a telepresence robot, as demonstrated by Das and
Dobie [3].

In the literature, various approaches are used to deal with the time
delay in telepresence systems. These approaches include increasing
levels of automation, adding more sensors to the robot, and using
predictive technology [4]. Das and Dobie [3,5] developed a state
estimation algorithm to predict the robot’s current state by using the
robot’s delayed feedback information and the timing of the operator’s
command transmissions. In the proposed research, we present a graph-
ical representation of the real-life scenario of a telepresence system
along with the state estimation model.

In order to address the gap, we propose a framework that is de-
signed to benefit two specific groups of people. The first group includes
robotics researchers or industry manufacturers who can use the exper-
imental framework for controlled experiments. The framework allows

Telepresence systems in telerobotics involve controlling robots from
a distance, typically using wireless connections. In this paper, we
present a framework that utilises established control algorithms and
offers a user-friendly interface for human operators who may not be
familiar with robot control theory. The framework outlined here is
designed for robot manipulation tasks that involve long distances and
time delays.

Telepresence refers to a set of technologies that allow a person
to feel as if they were present in a location other than their true
location or to have an effect at that location. The telepresence system
enables a human operator to control and navigate a mobile robot in
a remote environment, often interacting with audiences through video
conferencing [1]. The system typically consists of a local site where a
human operator uses a hand-controller device, a remote site where a
mobile robot interacts with the physical world, and a communication
channel that connects both sites. It provides interactive two-way audio
and video communication, as well as physical manipulation, allowing
communication between two people in different places.

Telepresence robots encounter significant challenges when navigat-
ing in remote sites due to varying communication time delays [2]
often caused by network conditions. Additionally, the distance between
the human operator and the remote sites of the telepresence system
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for the conversion of a real-life telepresence system into a graphical
environment, which can be customised by adjusting the model param-
eters and control algorithm to fit personalised experiment scenarios.
When utilising this framework, a human operator is responsible for
providing all the parameters and control commands to design their
experimental environment. For this group, the aim is to reduce devel-
opment time, minimise the need for robotics experts, and facilitate the
construction and validation of advanced robotics applications before
real-world execution or manufacturing. Modifying or incorporating a
commercial robot into a defined experimental scenario is extremely
challenging for research purposes. Robot companies provide very lim-
ited design information due to their company policy, which restricts the
choice of commercial robots for research purposes. Previous research
has been based on sensor-captured data, but there has been very limited
research on its control mechanism.

The second group consists of operators who need a user-friendly
mechanism to remotely manoeuvre telepresence robots in known and
unknown dynamic environments. This is especially true when a human
operator controls a robot in a crowded area, may be busy with other
work, or is in a rush. Our proposed framework is primarily designed
for application in areas where human operators are predominantly
academics delivering lectures or attending meetings, healthcare pro-
fessionals tending to patients, or in a corporate setting where a senior
employee is visiting an overseas company or participating in a group
discussion. In such scenarios, we assume that human operators may not
be very familiar with controlling a robot in a remote location and may
not be able to manoeuvre the robot in a crowded space effectively.

There is another reason for developing a simulation-based frame-
work. Due to COVID-19 restrictions, access to the University lab and
hardware was limited, which halted the development of the framework
in a real environment. It was too risky to perform experiments in the
robotics lab because of the limited security system. At that time, in
order to continue the experimental work, we needed to find an alter-
native route: creating a simulation environment that could replicate
the risky and expensive real-life system, which we think has benefits
beyond COVID-19 even today and in the future. Additionally, the
adaptable nature of the framework could facilitate further experiments
with different robots and scenarios by adjusting its graphical model and
system control algorithms.

The proposed framework has a wide range of applications in semi-
autonomous robotics, including space robotics, service robotics, social
robotics, and experimental cases. It is designed to accommodate di-
verse use cases, from tasks requiring full autonomy over extended
periods to requiring more manual human-in-the-loop control. In all
these scenarios, the framework ensures robust safety measures.

The main contributions of this paper are:

1. Developing a predictive framework involves superposing real-
environment robot feedback data with simulated data to com-
pensate for uncertain time delays. This allows for the prediction
of real-time robot position, displaying both real and predicted
information on the same screen.

2. The framework is validated through a series of experiments
using a state-of-the-art differential-drive telepresence robot in a
simulation environment, considering the real robot’s graphical
model and the dynamic nature of the experimental scenarios.

3. The Configurable and modular design of the simulation system
allows for manipulating and simulating various types of robots
and environments by adjusting the robot’s physical and exper-
imental parameters. This flexibility opens up a wide range of
potential application areas in the future.

While the foundational components of this system are
well-established, the key contribution of this work is the integration
of these elements into a cohesive, adaptable framework that facil-
itates delay-compensated telepresence experiments in both real and
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simulated environments. We will start by reviewing related work in
Section 2, followed by a description of our framework and its compo-
nents in Section 3. Next, we will discuss the experimental results in
Section 4 and present the conclusions in Section 5.

2. Background

A telepresence system enables a person to control a robot and
interact in a remote environment via a communication channel. To
ensure a smooth telepresence experience, it is important to include
human sensory elements like vision, sound, and remote manipulation.
However, the effectiveness of the telepresence system can vary based
on the level of detail, and there are challenges that affect precise
and reliable robotic control for the human operator in a dynamic
environment. Key factors affecting navigation include limited field of
view, managing multiple cameras and screens, depth perception, low
frame rate, video quality, and time delay. Additionally, the nonlinear
behaviour of robot navigation presents further challenges in predicting
the robot’s true state in the dynamic environment.

Our research focuses on time delay or latency, which is the time
gap between the human operator’s input commands and the robot’s
feedback. Various factors influence the telepresence system’s total time
delay, including network switching delays, bandwidth limitations, com-
munication drop-outs, hardware processing delays, and the mobile
robot’s slow dynamics. Time delays can result from physical obstacles
or the distance between the operator and the robot. The total time delay
can be continuous and uncertain. It is important to note that the causes
of the time delay are beyond the scope of this work. We are specifically
interested in the total perceived time delay from the moment the
human operator sends a command until the human operator visually
perceives the robot’s reaction to the feedback information.

When there is a time delay, the display in front of the human
operator shows incorrect information. As a result, the human operator
predicts the robot’s position based on the displayed information and
sends control commands. However, when the human operator receives
the robot’s position from the sensor feedback, it does not match the
predicted robot position. The two different displays cause conflicts
in human perception. When a human operator controls a robot in a
known or unknown environment, they rely on remote perception and
remote manipulation to understand the robot’s surroundings. Remote
manipulation is limited by the operator’s performance and human
motor skills, including distance estimation, obstacle detection, environ-
ment awareness, and command generation [6]. Dealing with a virtual
display that differs from the physical environment around the operator
makes remote perception very challenging. Teleoperating in a known
or unknown environment with time delay is extremely difficult and
stressful for the human operator, often leading to mental fatigue [6,7].

One potential solution to these issues is a framework that includes
a state estimation algorithm and a simulation-based predictive display.
In this framework, a human operator sends control commands to the
robot based on the display, while a robot state estimation algorithm
runs in the background. This algorithm superposes the robot’s predicted
position and the robot’s actual position based on delayed feedback.
The combined information is immediately displayed graphically on
the simulation-based predictive display, showing the robot’s estimated
pose without any time delay in front of the human operator. The term
“predictive display” refers to visualising the robot’s pose in response to
the operator’s commands without waiting for delayed information.

2.1. State estimation algorithm

In robot navigation, the Extended Kalman Filter (EKF) is commonly
used to estimate the true state from noisy measurements. However,
there is a fundamental communication time when a filtering processor
is connected to a sensor through a network. Additionally, if raw sensor
data requires post-processing to update the state of the dynamical
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system, there will be an additional post-processing time, causing a
delay between the measurement acquisition and its availability to the
filter. In a real environment scenario, we cannot assume the total time
delay between sending a control command to the robot and the moment
when the received sensor measurement data is entered in the state
estimator. We assumed that the measurement time delay was uncertain.
In the previous research paper, we proved that regular EKF could not
handle uncertain time delays when the robot changes its direction [3].

In our research, we utilised an Augmented State Extended Kalman
Filter to estimate the position of telepresence robots while accounting
for uncertain delayed sensor measurements. We augmented the current
and past states into multiple augmented state vectors to accurately
estimate the robot’s true position. The current measurement state,
which includes information from past measurement states, directly ad-
justs the augmented state vectors. This process allows us to determine
the corresponding past state in the augmented state vector within a
delayed system. Subsequently, we updated the past state using delayed
measurement data while simultaneously correcting the current state in
the augmented state vector. It is important to note that the algorithm
initially considers a specific time delay, which is then extended to
compensate for uncertain delays using Probability Density Functions
(PDFs). For a one-time step delay, the prediction equation was modified

as
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In the given context, 7, represents the time delay, which is less than
n, and I is placed at the corresponding time step k — ;. If the time
delay 7, is known or certain, the augmented state vector can be
estimated recursively using the EKF algorithm. To assess delay com-
pensation performance, we conducted experiments applying both the
EKF and AS-EKF algorithms and compared the results to achieve a
desirable predictive display. While MATLAB was used for proof-of-
concept development due to its flexibility in algorithm design, future
work will involve implementing the AS-EKF in C++ for deployment in
commercial or real-time embedded systems.

2.2. Predictive display

Our research aims to develop a flexible, user-friendly framework
for effective robot control tasks. This framework will pave the way
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Fig. 1. The experimental framework included the camera display for two-
way human communication and the simulation display with predicted robot
position for navigation.

for further research on robot navigation without needing real-world
experimental setups. According to existing literature, using predictive
displays can improve human performance in robot navigation by ap-
proximately 20% [4]. We aim to create a framework that allows for
seamless control of a telepresence robot for remote manipulation. Pre-
dictive display for robot navigation can be dissected into the following
categories:

With and without a priori model of the remote environment:

The traditional method for predictive display involved using hand-
modelled wire frames and solid-model overlays of the robot manip-
ulator and scene objects on delayed video in highly pre-calibrated
settings [8]. This approach was developed for a known environment
and a non-moving external camera. However, more recent work aims
to create photo-realistic predictive displays in less calibrated scenarios
where a priori 3D model of the environment is not required [9].
Jin et al. [10] has developed a vision-based semi-autonomous tele-
operation system designed for long-range teleoperation tasks under
time delay network conditions. This system does not require prior
knowledge of the remote scene. It starts with a self-exploration be-
haviour that uses a freely mounted eye-in-hand webcam to sense the
remote surroundings. Burkert et al. [11] have created an online depth-
fusion technique for predictive display. This technique acquires a dense
3D geometry model using a stereo camera. Yerex et al. [12,13] in-
troduced an image-based method for predictive display. This method
involves capturing the scene’s geometry and appearance, compressing
and transmitting it, and generating immediate feedback in response to
the operator’s movements, ensuring a smooth teleoperation experience.

SLAM-based predictive displays:

Hu et al. [14] proposed a solution based on sparse 3D points pro-
vided by simultaneous localisation and mapping (SLAM) and physically
generated the correct surface for these point sets. Rachmielowski et al.
[9] reconstructed a coarse 3D geometry model using online SLAM. They
generated a predictive display by texturing from key-frame images
and rendering from the current operator’s viewpoint. This method
does not require a pre-existing 3D model and can be used in differ-
ent unknown environments. Lovi et al. [15] proposed a method that
utilises Parallel Tracking and Mapping (PTAM) [16] along with the
free-space carving technique [17] to create a telepresence interface.
This interface includes a predictive display to generate a rendered
intermediate image for human control guidance. However, this method
has drawbacks, such as requiring previous images for projective texture
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Fig. 2. This is a flow diagram of the proposed experimental environment, including three simulation displays for the robot’s true position, delayed sensor

measurement, and predicted robot pose.

rendering, which leads to high network consumption. Additionally,
fully human-supervised control poses practical difficulties.

Multi-sensor input predictive display:

Recently, algorithms have been developed to fuse data from vari-
ous sensors, such as images and LIDAR data, for predictive displays.
Kelly et al. [18] created a real-time photo-realistic system by combining
LIDAR data with images to reconstruct a 3D model. Livatino et al. [19]
has proposed a new mixed-reality visual context for robot teleopera-
tion interfaces to improve performance by enhancing the operator’s
situational awareness. This concept has been implemented on a real
mobile robotic system operating outdoors. The system is equipped with
onboard internal and external sensors, GPS, and an assistant drone’s
reconstructed 3D graphical model.

Computational hardware:

In order to improve the performance of predictive display systems,
efforts were made to optimise the hardware. Schmid et al. [20] sug-
gested a dense mapping approach for a UAV using an FPGA (Field
Programmable Gate Array) to implement frame-by-frame dense stereo.
In contrast, Hu et al. [14] proposed a solution that operates using
a standard low-power CPU. They implemented a system that reduces
bandwidth by transmitting geometry and texture information instead
of video. Time delays quantitatively characterised the system’s perfor-
mance and qualitatively assessed using NASA TLX analysis [21].

Human operator performance measurement:

Predictive displays are designed to assist human operators in nav-
igating robots smoothly. A recent study by Dybvik et al. [4] demon-
strated that even a simple predictive display could significantly im-
prove performance in teleoperated remote vehicle operation (up by
20% 1) or gaming (up by 30% 1). The study involved N = 57
subjects and considered three conditions: (1) Latency, (2) Latency
with predictive display (PD), and (3) Baseline (no added latency).
Orlosky et al. [22] examined the impact of panoramic view recon-
struction, as opposed to a simple screen, in reducing perceived latency
in a humanoid robot. The primary aim was to facilitate flexible head
control from the robot’s perspective. Zhang et al. [23] presented a
framework that enhanced the guidance control of predicted trajectories
by incorporating the eye movement of the teleoperator into the in-
tended trajectory prediction. This helps to offset delays in teleoperation
systems. A simulation platform involving human interaction was devel-
oped to assess the teleoperation performance of the proposed method
under various delay conditions.

While the concept of a predictive display-based framework model
for robot navigation is well-developed, there are only a few works

in the literature [10] that address delay compensation in the system.
This area requires further exploration. In this work, we proposed to
create an adaptable framework that can compensate for visual time
delays by adjusting the operator’s viewpoint. The framework utilises
a delay-compensated model to predict the robot’s position in advance,
giving the operator the feeling of being physically present at the remote
location and directly controlling the manipulations.

Our focus has been on developing a proof of concept that can be
adapted to a real system. Creating a simulation environment has the po-
tential to replicate an expensive real-life system. Real-life telepresence
systems are known to be costly and extremely challenging to establish,
as the local and remote sites are often far apart, sometimes separated
by cities, countries, continents, or even planets. Therefore, a simulation
environment is necessary for any controlled experiment. Developing the
proposed framework not only addresses this challenge for our research
but also for the broader research community.

The proposed framework, designed with robustness in mind, offers a
simulation environment with real-life parameters and model-based per-
sonalised control algorithms for conducting accurate predictions before
implementing them in the real world. We have conducted experimental
validation of the framework’s performance using established prediction
models. The adaptive control model and rapid robot position prediction
capabilities of our framework are essential for achieving robust control
of the telepresence robot in a dynamic environment.

The proposed simulation platform can seamlessly integrate and
evaluate alternative delay-compensation strategies. These include adap-
tive controllers with parameter convergence [24], explicit predictor-
based methods [25,26], a motion prediction approach [27], and
learning-driven adaptive PD schemes [28]. Future enhancements may
introduce SLAM-based predictive visualisation techniques, such as pro-
jected video streams [29] and mesh reconstruction with decoupled
viewpoint control [30]. These approaches have been shown to enhance
operator performance even under conditions of delay.

Collectively, these studies underscore the potential of predictive
displays and adaptive control for latency-tolerant teleoperation. Our
modular framework is well-positioned to incorporate and assess these
techniques in future iterations.

The proposed framework was designed to be algorithm-agnostic
and modular, making it compatible with these compensation tech-
niques. Its ROS-based software architecture allows integration of ex-
ternal control modules and parameter tuning through configuration
files, enabling fair comparative studies under consistent experimental
conditions. In future work, we plan to incorporate and evaluate these
alternative strategies within the same simulation-real environment,
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Fig. 3. Raster scan navigation path in RViz created in this work to visualise the robot model, robot path, and camera display information.
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Fig. 4. Simulation environment in Gazebo for a certain time delay (z = 50). Panels (a), (b), (c), and (d) illustrate the robot positions within the simulation
environment without delay, with delay, with EKF compensation, and with AS-EKF compensation, respectively.

providing quantitative benchmarking of accuracy, latency reduction,
and computational overhead. This capacity for flexible algorithm eval-
uation establishes the framework as a testbed for generalisable teleop-
eration research, extending beyond the AS-EKF method demonstrated
in this paper.

3. Designing the framework

The proposed framework is based on our existing experimental
framework, as described in [3]. The new experimental framework
includes two research components: (a) a state estimation algorithm for
predicting the robot’s positions and (b) a predictive display shown in
Fig. 1. This setup consists of a screen with two displays: the first is for
two-way communication, and the second is for manoeuvring the robot.

The rest of this section contains essential details of the experimental
framework, including both the real and simulation environments, fol-
lowed by experimental results obtained using the proposed predictive
framework.

3.1. Framework components

The proposed framework contains multiple components. Although
the necessity of this research drives them, we aim to develop it so
that it is modular and could be adopted easily for any other type of
telepresence navigation system. The proposed framework has require-
ments that encompass both hardware and software components. The
hardware components include:

— To better evaluate different usage scenarios in our research and
to have more control over the telepresence robot, we chose a
mobile robot with a differential drive system that allows individ-
ual control of the wheels. Specifically, we used the Beam Plus
telepresence robot [31], which is a Linux-based state-of-the-art
and market-leading option for our experiments.

In a differential-drive mobile robot, incremental odometry errors
are typically caused by the system’s kinematic imperfections. The
two most significant errors stem from unequal wheel diameters
and uncertainty about the effective wheelbase. Because the telep-
resence robot used in this research was a differential drive robot,



B. Das and G. Dobie
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3 mage

(d) AS-EKF

Fig. 5. Display in the RViz for a certain time delay of (¢ = 50), along with
the robot’s view of the environment. The figures in the left column show
the robot positions in the simulation environment for (a), (b), (¢) and (d)
representing without delay, with delay, with EKF compensation and AS-EKF
compensation, respectively. The right column shows the robot’s view of the
environment, indicating that the original without delay and AS-EKF have
very similar environmental views, proving the effectiveness of the proposed
algorithm and the use of this simulator.

it exhibited a significant amount of dead-reckoning errors during
navigation. We measured the dead-reckoning accuracy of the
robot using the UMBMark [32] method to determine the variance
in the robot’s navigation and incorporated it into the control
algorithm model.

— We collected the robot’s navigation data using the Vicon motion
capture system [33]. Twelve motion-capture cameras were in-
stalled and calibrated in the lab, capable of tracking the robot’s
true state during the experiment.

— A Linux-based computer is used to establish communication be-
tween the hardware components, preprocess the navigation data
and run the control and state estimation algorithms.

Robotics and Autonomous Systems 197 (2026) 105305

b Moving mean comparison. Delayed time steps: 50

EKF
AS-EKF

N N w

o u o

o o o
T T T

Error [mm]

e
(9]
o

T

Jff ‘ InA I vﬁf\w n [ /
B f T
Y KVTAM A\ VYRVYIYR J\k J

(e f ) s |

w
o
o

a
o
T

0 1000 2000 3000 4000 5000 6000 7000
Time step
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improvement with lower error. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

The framework comprises three software components: (a) a robot
control algorithm developed with ROS, (b) a state estimation algorithm
developed, and (c) a predictive display.

— The proposed framework utilised ROS for autonomous naviga-
tion and robot control in controlled experiments. While ROS is
widely used in robotics, controlling commercial robots with a
closed ecosystem using ROS presents challenges. We developed
algorithms in C++ using ROS commands to guide the robot in
following a predefined trajectory, monitoring its progress, stop-
ping or redirecting it as necessary, and receiving notifications of
success or failure.

— The state estimation algorithm, known as the Augmented State
Extended Kalman Filter (AS-EKF), which compensates for time
delay, was implemented in MATLAB. The state estimation al-
gorithms were implemented for two purposes: (a) to estimate
the robot’s next position and (b) to simulate various scenarios
by introducing noise and delay, which helped to develop the
experimental setup for robust navigation.

— The Gazebo [34] software creates a 3D scenario on the computer
with robots, obstacles, and other objects. In addition, RViz [35],
a powerful 3D robot visualisation tool for ROS applications, is
employed. RViz’s robust GUI allows for the visualisation of sen-
sor data, robot models, and environment maps, which signifi-
cantly enhances the development and debugging of the robot
controllers. Gazebo is a 3D simulator, while ROS serves as the
robot’s interface—the combination of Gazebo and ROS results in
a powerful robot simulator.

3.2. Building the framework

The proposed framework is illustrated in the flow diagram shown
in Fig. 2. Our work involves modelling delays, including both certain
and uncertain types, and compensating for them using the AS-EKF
algorithm proposed by Das and Dobie [3]. Subsequently, the navigation
paths are displayed in the simulation environment for different scenar-
ios: true/actual robot pose, delayed robot pose, and delay-compensated
estimated robot pose. The expectation is that the robot’s estimated
poses should be closely aligned with its actual poses.
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(d) AS-EKF
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Fig. 7. Simulation environment in Gazebo for an uncertain time delay with Gamma distribution (average r = 50). Panels (a), (b), (c) and (d) illustrate the robot
positions within the simulation environment without delay, with delay, with EKF compensation and AS-EKF compensation, respectively.

The software modules are built with ROS-standard interfaces and
parameterised configurations, enabling support for various mobile
robot platforms beyond the Beam Plus. Ongoing work includes ex-
tending support for wheeled and tracked robot models to demonstrate
broader applicability.

3.2.1. Real environment

The host computer, based on Linux, connects to the telepresence
robot using a ROS driver. It sends the ROS control command to the
robot to create a predefined raster-scan navigation path. It receives 3D
positional data of the robot’s navigation captured by the Vicon motion
cameras over a wireless connection.

We conducted the experiments in the robotics laboratory at our
university. The goal was to create a raster-scan path for a mobile robot
with a horizontal travel distance of 2000 mm, a vertical travel distance
of 500 mm, and an orientation of 90°. We conducted multiple runs to
collect measurement data using different combinations of linear veloc-
ities (ranging from 100 to 500 mm/s) and angular velocities (ranging
from 100 to 500 mm/s). The starting position of the mobile robot was
kept constant for all the experiments.

The position and orientation data were recorded and used as mea-
surement data in the state estimation algorithm to estimate the robot’s
true position. The robot’s wheel diameters and wheelbase were adjusted
using the correction factor calculated by the dead-reckoning method.
The captured robot navigation data using Vicon cameras have a low
variance (3.58 mm?) as reported in [36], which was also used to
validate the prediction model. It is important to note that the Vicon-
captured positional data was used to simulate noisy measurements by
introducing random white noise.

3.2.2. Simulation environment
To design the simulation environment, we used three major open-
source software frameworks:

1. The Robot Operating System (ROS) is utilised for developing
robot control algorithms.

2. RViz, is a 3D visualisation tool for ROS that tracks a robot’s
position and displays what the robot sees and

3. Gazebo is a 3D robotics simulator that creates a simulated envi-
ronment using graphical models similar to the real experimental
setup. It allows you to evaluate and test your robot in difficult
or dangerous scenarios without risking any harm to your robot.
Using a simulator is typically faster than running the entire
scenario on your real robot.

A telepresence robot featuring a differential drive system, similar
in appearance and configuration to the Beam Plus, was simulated
in Gazebo. It was controlled using ROS commands with custom-built
control plugins. An algorithm for controlling the formation of naviga-
tion paths based on raster scanning was developed in C++ with ROS
commands. The robot’s position was exported from the simulator to use
as simulated measurement data for estimating the robot’s true position.
The simulation framework workflow includes the following:

— Creating a simulation environment or world that includes graph-
ical models of real-world items such as obstacles.

— Developing a differential drive telepresence robot that closely
resembles the Beam Plus, the real robot used in this research
work.

— Controlling and navigating the robot can be done through ROS
commands or a predefined control algorithm, which is helpful for
controlled experiments.

— Tracking and logging robot navigation path information and vi-
sualising the remote environment through camera sensors placed
on the robot, both for simulation and the real environment.

- Including external navigation data (ie, Vicon data from real
Beam Plus) in the simulation environment for the robot’s position
estimation.

In the simulator workflow, the simulated robot receives control
commands from the host computer while operating in a real environ-
ment. The control algorithm, meticulously designed, manoeuvres the
robot to its intended position and follows a predetermined trajectory
that mirrors the path in the real environment. Control commands
are used to navigate the simulated robot in a Gazebo environment,
while RViz records the robot’s position data. The control algorithm
establishes a connection between Gazebo and RViz, allowing the robot’s
position data to be shared for visualisation of the robot’s trajectory
on the RViz display. We have introduced a small delay to the robot
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Fig. 8. Display in the RViz for uncertain time delay with Gamma distribution
of (average r = 50), along with the robot’s view of the environment. The
figures in the left column show the robot positions in the simulation environ-
ment for (a), (b), (c) and (d) representing without delay, with delay, with EKF
compensation and AS-EKF compensation, respectively. The right column shows
the robot’s view of the environment, indicating that the original without delay
and AS-EKF have very similar environmental views, proving the effectiveness
of the proposed algorithm and the use of this simulator.

position data that was logged, including data from both the simulation
and real-life Vicon-captured robot data. This delayed data was utilised
in controlled experiments instead of raw measurement data to avoid
uncontrollable wireless delays. The AS-EKF-based state estimation algo-
rithm, a robust and reliable algorithm, was used to process the delayed
measurement data in order to minimise the time delay. The algorithm
then produced an estimated robot position, which was displayed on the
RViz.

Within the scope of this work, we intend to make a proof of the
concept, and therefore, the development was done using both the
ROS-RViz and Gazebo environments for simulation and visualisation,
whereas the delay modelling and AS-EKF were done in MATLAB. Future
development will involve translating the AS-EKF algorithm into C++
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Fig. 9. Comparison of RMSE errors between EKF and AS-EKF estimations with
an uncertain time delay (Gamma distribution). The legend shows that the red
and blue lines represent results for EKF and AS-EKF, respectively. AS-EKF
demonstrates significant improvement with lower error. (For interpretation
of the references to color in this figure legend, the reader is referred to the
web version of this article.)

for efficient real-time applications in embedded systems and commer-
cial robotic platforms. The integration of both and the creation of a
single, unified environment is a promising aspect of our future work.

4. Results and discussions

In this section, we performed a series of controlled experiments
using the proposed predictive framework. The primary goal was to
create and implement a reliable experimental framework that could
be used by both researchers and non-expert human operators. This
section confirms the framework’s effectiveness by conducting a set of
controlled experiments simultaneously in both simulated (using simu-
lated Beam Plus in Gazebo) and real environments (using real Beam
Plus).

4.1. Experimental workflow

In all experiments, we followed a standardised workflow/
experimental process, which involved the following steps:

1. Manoeuvring the telepresence robot using the ROS control algo-
rithm in the real world.

2. Logging the robot’s position using information from ROS feed-
back and Vicon cameras during navigation.

3. Incorporating certain or uncertain time delays into the recorded
data to model delays.

4. Compensating for delays using the previously proposed AS-EKF
state estimation algorithm.

5. Visualising the robot’s navigation and path formation in the
simulated environment using Gazebo.

6. Visualise the robot’s path and environment using its camera in
RViz.

This work mainly focused on proving the concept rather than creat-
ing a fully integrated system. After completing Step 1, the telepresence
robot was manoeuvred, and in Step 2, its position information was
exported to CSV files using appropriate ROS commands. These CSV
files were then utilised in MATLAB to carry out Step 3. The result of
Step 4, the estimated robot position after implementing the AS-EKF
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Fig. 10. Simulation environment in Gazebo for an uncertain time delay with a Gaussian distribution (average = = 50). Panels (a), (b), (c) and (d) illustrate the
robot positions within the simulation environment without delay, with delay, with EKF compensation and AS-EKF compensation, respectively.

algorithm, was exported to a CSV file and used as input to Gazebo and
RViz through a custom-built control plugin.

When creating the robot model in Gazebo, we used robot param-
eters similar to those of the Beam Plus. We pragmatically formed a
similar raster scan navigation path using another custom-built control
plugin in Gazebo, as shown in Fig. 3.

We obtained two sets of results in various delayed scenarios:

— Average error in the time series between the original robot path
and the delayed and corrected robot paths, and

— Visualisation of the robot’s surrounding environments for the
original path, delayed path, and corrected path.

In the first set of results, we expect the overall mean square error to
be significantly reduced, and we should see this improvement reflected
in the visualisation. In the later part of the process, we stabilised the
robot after specific steps, allowing us to observe the surrounding items
in a way that clearly showed a visible difference between the original
and delayed path, providing a clear and unmistakable indication of our
progress. However, after applying AS-EKF correction, the path should
become much closer to the original one.

The following subsection presented results for both certain and
uncertain delays. We looked at two types of uncertain delays: (1)
Gamma and (2) Gaussian, respectively. To provide a clear visualisation,
we introduced an average of 50 time step delays in all cases, translating
to a 0.1-second delay in reality. However, this can be adjusted as an
experimental parameter to simulate different scenarios.

4.2. Scenario I: Certain time delay

In the experiment, we introduced a time delay of (z = 50) for each
robot pose and compared the moving mean errors between the original
and delayed robot poses, as well as the EKF and AS-EKF predictions
of the robot pose. All other parameters remained the same as in the
previous experimental work. Fig. 4 shows the top view visuals of the
robot’s position in the Gazebo simulation environment for all four
scenarios.

In order to visualise the environment from the robot camera, we
used RViz and the results are shown in Fig. 5. It is evident that there
is a difference between the original robot pose and the delayed robot
pose in terms of what the robot can see at that particular point. Similar
to the research work presented by Das and Dobie [3], we can also see

Table 1

RMSE error comparison for certain and uncertain time delays (average = = 50).
Clearly, the AS-EKF demonstrates significant improvement over the EKF, which
does not account for a delay in its filtering steps.

Delay type EKF AS-EKF Improvement
Certain 114.82 30.84 73.15%
Uncertain (Gamma) 111.73 30.62 72.60%
Uncertain (Gaussian) 112.15 31.79 71.65%

that EKF cannot improve the prediction in the simulated environment.
As expected, AS-EKF performed well, compensated for the delay and
offered a near-original robot pose. Finally, we also measure and com-
pare the RMSE error between EKF and AS-EKF in Fig. 6, which shows
expected significant improvements in the case AS-EKF.

4.3. Scenario II: Uncertain time delay

We have modelled the delay using Gamma and Gaussian distribu-
tions with an average delay of r = 50 time steps for uncertain delay.
Similar to Scenario I, we captured the visualisation of Gazebo and
RViz and compared the error or differences in the visualisation for the
scenarios without delay, with delay, with EKF compensation, and with
AS-EKF compensation, respectively.

The robot’s position visualisations in Gazebo are displayed in Fig. 7
for the Gamma distribution and Fig. 10 for the Gaussian distribution.
Similarly, the visualisations in RViz are displayed in Figs. 8 and 11 for
the Gamma and Gaussian distributions, respectively. Additionally, the
comparison between the EKF and AS-EKF performances can be seen
in Figs. 9 and 12 for the Gamma and Gaussian distributions. Finally,
Table 1 presents the RMSE error comparison for all three scenarios.
It is evident that AS-EKF consistently performed well in all cases, as
expected. The results were similar to the real-world outcomes in our
previous work. AS-EKF also demonstrated better position prediction
that closely matched the original robot path. These results validate the
proposed predictive framework’s capabilities, including visualisation,
robust usability, and controlled experiments, which can be tested in a
simulation environment before implementation in the real world.

The differential drive telepresence robot, similar in appearance and
configuration to the Beam Plus, was tested in both real and simulated
environments to develop a framework that can bring practical benefits
to both robotics researchers and non-researcher human operators. The
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Fig. 11. Display in the RViz for uncertain time delay with a Gaussian distri-
bution of (average r = 50), along with the robot’s view of the environment.
The figures in the left column show the robot positions in the simulation
environment for (a), (b), (c) and (d) representing without delay, with delay,
with EKF compensation and AS-EKF compensation, respectively. The right
column shows the robot’s view of the environment, indicating that the original
without delay and AS-EKF have very similar environmental views, proving the
effectiveness of the proposed algorithm and the use of this simulator.

framework was developed in a real environment, alongside simulations
in Gazebo and was controlled through ROS with custom-built control
plugins. A raster scan-based robot navigation path was designed using
a C++ algorithm with ROS commands, and the robot’s positional in-
formation was captured through the motion capture system connected
using a ROS driver to the host computer. This positional information
was utilised to model both certain and uncertain time delays using
Gamma and Gaussian distributions. The delays were compensated for
using standard EKF and previously proposed AS-EKF algorithms. Fi-
nally, the outputs were visualised in Gazebo and RViz to replicate a
real-life telepresence system with a predictive display without any time
delays.
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Fig. 12. Comparison of RMSE errors between EKF and AS-EKF estimations
with an uncertain time delay (Gaussian distribution). The legend shows that
the red and blue lines represent results for EKF and AS-EKF, respectively.
AS-EKF demonstrates significant improvement with lower error. (For interpre-
tation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

The results from various scenarios demonstrate the effectiveness
and requirement of the proposed simulated framework compared to
real-environment implementation, highlighting the superiority of the
AS-EKF algorithm and the need for a controlled experimental setup.
The similar performance trends observed in both simulated and real
environments, particularly the consistent performance gain of AS-EKF
(over 70% error reduction), validate the simulation framework’s fi-
delity in representing real-world robot behaviour. Although this paper
focuses on a single robot model and structured indoor settings, future
evaluations will compare this approach against adaptive control and
teleoperation buffering methods. Furthermore, planned user studies
will assess the impact of the predictive display on operator experience
and task success rates.

To further strengthen the validation of the proposed framework,
we recognise the importance of benchmarking its performance against
other established delay-compensation strategies. While the present
study focuses on validating the AS-EKF within a controlled simulation—
real hybrid setup, the modular architecture of our framework has been
deliberately designed to accommodate a wide range of compensation
algorithms. This includes adaptive controllers with parameter conver-
gence, explicit predictor-based control, motion prediction methods, and
reinforcement learning-driven adaptive PD schemes.

In future evaluations, we plan to conduct comparative experiments
using these techniques under equivalent delay and task conditions
to quantify performance differences in terms of position accuracy,
latency reduction, and computational efficiency. Additionally, teleop-
eration buffering and adaptive control approaches will be integrated
into the same simulation environment for direct comparison with AS-
EKF. These benchmarking studies will provide a clearer understanding
of the framework’s adaptability, robustness, and relative advantages in
latency-tolerant teleoperation.

5. Conclusions

Telepresence systems have long supported remote presence and in-
teraction, yet their effective deployment in dynamic, time-delayed envi-
ronments remains an ongoing research challenge. This paper presented
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an adaptable and simulation-integrated framework for differential-
drive telepresence robot navigation that compensates for communica-
tion delays through an AS-EKF-based predictive display. The frame-
work’s hybrid design, combining real-world and simulated experimen-
tation, demonstrates its capacity to reproduce latency conditions safely,
reduce development time, and enable controlled evaluation of robot
control strategies.

The experiments carried out in both the real Beam Plus robot and
its simulated counterpart in Gazebo/RViz confirmed the framework’s
robustness. The AS-EKF consistently achieved over 70% error reduction
compared with a standard EKF, validating its capability to compensate
for both certain and uncertain time delays. Importantly, the similar
performance trends observed in simulation and real environments in-
dicate that the proposed setup offers a high-fidelity representation of
real-world robot behaviour.

Within the scope of this work, we focused on a single robot plat-
form and structured indoor settings. The framework was intentionally
developed with ROS-standard modular interfaces and parameterised
configurations. This enables straightforward adaptation to other mobile
robot platforms — including wheeled, tracked, and omnidirectional de-
signs — and to diverse teleoperation tasks. Ongoing work is extending
the framework to these new robot classes to evaluate adaptability and
generalisation. We outline two significant directions for future research
and validation:

— Comparative benchmarking: We will incorporate additional
delay compensation strategies such as adaptive control, predictor-
based approaches, motion prediction, and reinforcement-
learning-driven adaptive PD controllers. Comparative experiments
will quantify improvements in prediction accuracy, latency com-
pensation, and computational efficiency under equivalent net-
work conditions.

— Human-in-the-loop evaluation: Future studies will include user
experiments designed to assess the predictive display’s impact
on operator performance, situational awareness, and cognitive
workload. We will employ standardised measures such as the
NASA-TLX and task-completion metrics to compare navigation ef-
ficiency with and without predictive displays. Operator interviews
and feedback sessions will further inform usability refinements.

Together, these extensions will transform the current proof-of-
concept into a validated, generalisable telepresence control platform
that not only supports technical robustness but also provides empirical
evidence of human-operator benefits. Additional research will explore
integrating visual SLAM for autonomous exploration, allowing the
framework to evolve from known-path navigation towards adaptive,
self-guided operation in unknown environments.
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