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Abstract—Bilateral teleoperation of low-speed Unmanned
Ground Vehicles (UGVs) on soft terrains is crucial for ap-
plications such as space exploration. However, latency arising
from transmission delays within the teleoperation system can
hinder UGV maneuvering and performance. This paper inves-
tigates the impact of latency on the bilateral teleoperation of
low-speed UGVs operating on soft terrains and proposes an
optimal latency compensator to mitigate this impact for Lunar
exploration. Specifically, we propose a genetic algorithm-based
predictor framework to optimize the regularization parameters of
a model-free predictor. This approach aims to enhance prediction
accuracy, thereby improving the performance of the UGV in the
presence of latency. Our study revealed a latency threshold of
0.72 seconds is critical for maintaining a stable UGV operation.
Furthermore, the proposed predictor framework demonstrates
the ability to compensate for the latency by at least 86% Mean
Delay Compensation Percentage (MDCP), in contrast to the
existing predictor which achieved around 51% for larger delay
in the closed-loop teleoperated system. Finally, the developed
predictor framework was experimentally validated to compensate
for the delays in the teleoperated UGV designed for lunar
exploration. The obtained results prove the proposed predictor
is effective in compensating for the delays within a closed-
loop teleoperated UGV. This effectiveness is showcased through
improved performance and transparency.

Index Terms—Bilateral Teleoperation, Low-Speed Teleoper-
ated UGV, Latency, Model-free Predictor, Genetic Algorithm

I. INTRODUCTION

Low-speed teleoperated Unmanned Ground Vehicles
(UGVs) have gained significant attention in various fields,
including Agricultural operations, military operations, and
space exploration tasks [1]. These UGVs are designed to
be remotely controlled by human operators, enabling them
to perform complex tasks in challenging environments
[2]. The concept of teleoperation involves the transfer of
control commands from the operator to the UGV and the
transmission of sensory information back to the operator
[3]. This bidirectional communication, sometimes known as
“Bilateral teleoperation”, allows operators to have real-time
situational awareness and precise control over the UGV’s
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movements and actions [4]. Low-speed teleoperated UGVs
are typically used in scenarios that require careful navigation
in the remote environment.

Soft terrains present unique challenges for UGV navigation,
which can significantly impact the UGV’s maneuverability
due to the wheel-terrain interaction, leading to “slippage”.
This phenomenon is particularly prevalent in terrains that are
unpredictable, such as Regolith. Thus, in order to achieve
precise control of the low-speed teleoperated UGV, it is
crucial for the operator to be aware of the slippage and
apply corrections [5], [6]. By being aware of the slippage,
the operator can take proactive measures to adjust the control
inputs and ensure overall performance. Haptic feedback could
be a good approach to render slippage awareness [6].

One of the key challenges in the bilateral teleoperation sys-
tem is the presence of latency in the communication channel
between the operator and the UGV [3]. This latency can result
from various factors, including the communication medium,
network bandwidth and congestion, and system architecture
[8]. Latency in the bilateral teleoperation system can have
a significant impact on the operator’s situational awareness
[9], which can result in poor performance and transparency,
ultimately leading to instability [4]. Furthermore, the threshold
for the latency that causes instability in a system varies
depending on the specific system dynamics and application as
mentioned in [9], a threshold of 300 milliseconds is a general
context [3]. To address the challenges posed by latency in
low-speed teleoperated UGVs, researchers have focused on
various approaches that include predictive schemes, control
techniques, and passivity techniques [10].

A. Related Work

A bilateral teleoperator system offers a valuable means of
communication between human operators and UGVs [4]. Luz
et al. [11] highlight the importance of slippage awareness in
low-speed teleoperated UGVs through bilateral teleoperators
in low-light environments. Obtained results demonstrate that
slippage awareness improved task success rates and reduced
completion times. In [12], [13], it is demonstrated that haptic
feedback can render wheel slippage effectively, thus improving
the operator’s understanding of UGV traction. Authors in
[5] also render the haptic feedback based on induced wheel
velocity loss and propose a compensator scheme to stabilize
the system. Similarly, in [14], wheel contact torque was
adopted as haptic feedback for traction awareness. Li et al.
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Figure 1: Proposed end-to-end teleoperation of UGV with
and without GA-optimized predictor framework The Red lines
represent the Delayed case, and the Green Lines represent the
Predicted case.

[15] tackled instability due to processing delays by utilizing
the Time Domain Passivity Approach (TDPA) technique and
demonstrating improved performance for teleoperated UGVs
on soft terrains. However, the aforementioned studies have ne-
glected the consideration of Latency (communication delays),
which possess significant practical implications in real-world
applications.

Several studies have focused on compensating for com-
munication delays in bilateral teleoperator systems, using
various approaches, including the Passivity Approach with
the Wave Variable (WV) and TDPA [3], [4]. Other com-
pensation techniques include model-based controls, model-
mediated approaches, and model-free approaches [16]. Among
these, model-free compensators have been widely employed
in teleoperated UGV systems to address the issues of delays,
due to the complexities of modeling human driver behavior
and the complex nonlinear dynamics of vehicle-environment
interactions [9]. The model-free predictor framework proposed
by Yingshi Zheng et al. [8] initially introduced a single
regularization parameter for compensating delays in general
closed network systems. This framework exhibits promising
prediction performance that compensates for small delays.
Nevertheless, encountered difficulty in handling larger delays
and complex empirical data. In a recent study [16], the predic-
tor was modified by introducing additional tuning parameters
as a potential solution to compensate for the delays in bilateral
teleoperator systems with higher frequency coupling variables,
demonstrating improved stability for larger delays. Evalua-
tions conducted on high-speed teleoperated UGVs [17], [18]
indicated that this modified predictor yielded more accurate
predictions compared to other approaches for UGV bilateral
teleoperators. Nonetheless, a major limitation of this predictor
is its sensitivity to the turning parameter values, such that
even slight deviations from the optimal values can lead to
diminished prediction accuracy.

B. Contributions

The contributions of this work are summarized as follows:

1) We investigate the effects of latency on bilateral tele-
operation of low-speed UGV operating under different
delay conditions, to identify a critical delay threshold
that causes system instability.

2) We propose a genetic algorithm-based predictor frame-
work to optimize the regularization parameters of a
model-free predictor scheme, to improve prediction ac-
curacy and eventually enhance the stability and trans-
parency of teleoperated UGVs in the presence of delays.

3) We validate the GA-optimized predictor framework to
compensate for the latency encountered during the op-
eration of a low-speed teleoperated UGV on soft terrains
for lunar exploration.

The article’s structure is as follows. Section II delves
into integrated system dynamics and controls for UGV bi-
lateral teleoperation. Section III analyzes latency effects on
bilateral teleoperation under varied conditions. Section IV
conducts open-loop and closed-loop performance analyses of
the GA-optimized predictor, demonstrating its compensatory
efficiency. Section V presents experimental evaluation, com-
paring the predictor’s performance with alternative strategies.
Finally, Section VI summarizes findings and outlines future
research directions.

II. INTEGRATED SYSTEM DYNAMICS AND CONTROLS

The core of this research focuses on the end-to-end tele-
operation of low-speed UGVs, incorporating force feedback
for slippage awareness. The proposed system architecture, as
illustrated in Fig. 1, comprises several key components that
include the haptic device, the communication channel, low-
speed UGV, soft terrain environment, and delay compensators.

A. Haptic device Dynamics

In this study, the Phantom haptic device was utilized as the
haptic interface. The Two-Degree Of Freedom (DOF) of the
haptic device was employed to encode the linear and angular
velocities of the UGV. This approach is commonly used in
tele-driving UGV with non-holomorphic behavior [5]. The
nonlinear dynamic equation of the Phantom haptic device was
derived in detail in [6]

Mmq̈m + Cmq̇m = um + fh (1)

Mm represent the mass matrix of the robot, Cm denote the
centrifugal matrix, qm =

[
qm1 qm2

]T
is the joint position

variable, um =
[
um1 um2

]T
is the joint control force, and

fh =
[
fh1 fh2

]T
represents the external force applied by

human operator.
To address potential instability resulting from workspace

mismatch between the master and the slave, a new dynamic
variable was introduced, xm = λq̇m+qm (0 < λ < 1). As a
result, the robot controller can be expressed as um = ūm+u∗

m,
where ūm is the teleoperation controller, and u∗

mi is the local
controller, given by u∗

mi = Bviq̇m+Bpqm, as derived in [16].
Now, the velocity-velocity mapping coordination between the
master and the slave becomes (xm1, vs) and (xm2 , ωs ).
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The modified linear dynamics result in a first-order system
as in (2).

M̄mẋm + C̄mxm = ūm + fh (2)

where M̄m = Mm/λ and C̄m = Cm/λ are the equivalent
mass and centrifugal, respectively.

B. UGV Dynamics

For this research, the low-speed teleoperated UGV utilized
was the Khalifa University (KU) rover modol, which is an
exact replica of the UAE Rashid rover [7]. The UGV’s
mobility concept relied on its kinematic models, especially at
low speeds, which played a crucial role in ensuring stability
and efficient locomotion. Inspired by the Boogie rover, the
KU rover’s locomotion principle assumes that the speeds of
the front and rear wheels denoted as vf and vr, respectively,
are nearly equal when operating on flat terrain. The kinematic
model in (3), corresponding to pure rolling, is formulated
in the UGV frame and provides an intuitive depiction of its
movement characteristics [5].

[
v(t)
w(t)

]
=

[
1/2 1/2

−1/2b 1/2b

] [
vr(t)
vl(t)

]
=

[
vd(t)
wd(t)

]
(3)

where v(t) and w(t) represent the measured longitudinal
and angular velocity of the UGV, respectively. vd(t), and wd(t)
represent the desired longitudinal and angular velocity of the
UGV, respectively. b is the distance between the right and the
left wheels, vr(t) and vl(t) are the right and the left wheel
velocities, respectively. The transformation matrix, denoted as
E(b), is:

E(b) =

[
1/2 1/2

−1/2b 1/2b

]
(4)

On soft terrains, like deformable loose soil, the relationship
between the linear velocity of each wheel and the product
of the wheel’s angular velocity and radius may not be equal
due to wheel slippage caused by external forces from the
soil. This deviation from the original kinematic model (in (3))
was recognized by Li et al. [15]. They proposed a modified
kinematic model for the rover on soft terrains is expressed by
(5).

[
v(t)
w(t)

]
=

[
vd(t)
wd(t)

]
− E(b)

[
vrd(t)− vr(t)
vld(t)− vl(t)

]
(5)

Now the slippage-induced loss of velocity on the UGV can
be defined as:[

δv(t)
δω(t)

]
=

[
vd(t)− v(t)
wd(t)− w(t)

]
(6)

The assumption is that the UGV has an in-built velocity
controller, so the controlled input is us =

[
vd ωd

]T
. Addi-

tionally, in the study, the damping friction force exerted by the
soft terrains on the wheel is considered as the environmental
force (force feedback) for slippage awareness, represented as:

[
fev(t)
feω(t)

]
= β

[
δv(t)
δω(t)

]
(7)

where β is the damping coefficient of loose soil typically
in the range of [0.5, 1.5]. fe =

[
fev feω

]
are the

environmental force in the longitudinal and lateral direction,
respectively.

C. Bilateral Teleoperator Controls

The bilateral teleoperator system’s controllers are synthe-
sized based on the control theory approach, to ensure overall
system stability. To achieve high performance and satisfactory
transparency, the control system incorporates simple propor-
tional controllers in both the haptic device (master) and the
UGV (slave) to coordinate the pairs (xm1, v) and (xm2, ω) in
the presence of one-way communication delay T as outlined
in (4) and (5), respectively.

• Master Controller
To achieve the perfect coordination between (xm1, v )
and (xm2, ω ) at the operator side, the joint control input
ūm in (2) is computed based on the proportional control
law as: [

ūm1

ūm2

]
=

[
−km1 fev(t− T )
−km2 feω(t− T )

]
(8)

The proportional control gains km1 and km2 are designed
to be positive definite.

• Slave Controller
To achieve the perfect coordination between (xm1, vd)
and (xm2, ωd) at the remote side. The input control ūs

in (8) is then computed based on the proportional control
law as: [

us1

us2

]
=

[
ks1 xm1(t− T )
ks2 xm2(t− T )

]
(9)

The proportional control gains ks1 and ks2 are designed
to be positive definite.

In the designed aforementioned teleoperation system, when
the desired linear velocity xm1 exceeds the actual linear
velocity v, the human operator will feel a backward force
pushing against the Joint 1 of the master robot. Similarly, when
there is a difference between the desired angular velocity xm2

and the actual angular velocity ω, a backward force will be
felt on Joint 2. And vice-versa for the desired velocities is
lower than the actual velocities [12], [15].

D. Predictor Optimization

The basic structure of the model-free predictors utilized in
this study was originally devised to tackle latency in high-
speed teleoperated UGV systems in [9], [18]. The dynamics
of the predictors are outlined in (10).

ẋp(t) = ẋ(t− T (t)) + β [x(t− T (t))− xp(t− T (t))]

x̂(t) = xp(t)
(10)

The predictor equation, (10), incorporates delayed signals
x(t) and ẋ(t), the previous value of the local state at a specific
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time xp(t − T (t)), the prediction for the current time xp(t)
and the regularization parameter β. The predictor demonstrates
a good prediction performance within a bandwidth of 1Hz,
which is acceptable for our coupling variables. However, in
[16], the authors modified the dynamics by incorporating an
additional degree of freedom to alleviate oscillatory error gain
at higher frequencies, thus, improving prediction accuracy,
adaptability, and handling larger delays. The modified predic-
tor is represented by (11). Details of the predictor stability
analysis can be found in [16].

ẋp(t) = ẋ(t− T (t)) + β [x(t− T (t))− xp(t− T (t))]

+ α [ẋ(t− T (t))− ẋp(t− T (t))]

x̂(t) = xp(t)

(11)

The delayed predicted signals from the previous instant
are represented as ẋp(t − T (t)) with a new regularization
parameter α. The authors further present a graph illustrating
the relationship of these parameter values obtained through a
linear relationship across various delay values [16]. However,
these values are sub-optimal and slight deviation from the opti-
mal values may significantly affect the prediction performance
of the delay compensator. To address this issue, we propose
a refined approach using GA, which is a promising meta-
heuristic optimization technique employed to obtain optimal
parameter values in parametric models [19].

In the context of fine-tuning parametric predictors, GA can
be employed to search for the optimal values that minimize
a specific objective function. By evaluating the fitness of
candidate parameter sets, GA iteratively refines the parameter
values to find the best configuration that optimizes the desired
performance metric. In the parametric dynamics in (11), the
two parameters α and β are constrained to lie within specific
value intervals: [αmin, αmax] and [βmin, βmax], respectively.
The extreme values within these intervals have been carefully
selected to maintain marginal stability in the predictor system
[16]. The overall cost function designed to compensate for the
delays is given as:

f(β, α) = w1

∫ T

0

t|x(t)− x̂(t)| dt+w2

∫ T

0

∣∣∣∣∣x(t)− ˆx(t)

ˆx(t)

∣∣∣∣∣ dt
(12)

where the function f(β, α) is the cost that needs to be
minimized, t is the time variable, w1 and w2 are the weights
assigned to each term to maintain a balanced trade-off between
them. The former term measures the difference between the
actual value x(t) at a specific time t and the predicted value
x̂(t) at the same time. And the latter term represents the
overshoot reduction. Consequently, these cost function to be
solved is directly converted into a fitness function to be
minimized:

Fit(f(β, α)) = f(β, α) (13)
To prioritize a better solution, the fitness function becomes:

Fit(f(β, α)) =

{
f(β, α)− vmin, f(β, α) > vmin,
0.

(14)

vmin in the above formula is the minimum estimates of
f(β, α).

III. EVALUATION OF DELAY IMPACT

In order to evaluate the impact of communication delays in
the low-speed teleoperated UGV, the system paradigm of the
integrated components (Red lines part) presented in Fig. 1 is
simulated in Matlab/SIMULINK by using the above-discussed
system dynamics and controls. The parameter values and
coefficients of the system dynamics are taken from [20], while
the control gains for the master and slave are set to km = 1
and ks = 4, respectively, to strike a balance between perfor-
mance and transparency [12]. The evaluation metrics include
velocity tracking (xm = vs), transparency using force tracking
(fe = um), and stability using the energy balance equation-
based passivity theorem (E(t) =

∫ t

0
(xmum − vsfe)dt) [15].

The metrics are quantified using Mean Absolute Error (MAE),
defined as follows:

MAE =
1

n

n∑
t=1

|xt − x̂t| (15)

where n is the number of samples, xt is the actual value, and
x̂t is the delayed value.

A. No Delays

A sinusoidal operator force, F = 10sin(ωt), is given as
the input to the teleoperation system, and ω is chosen to
be 2 rad/s, which is similar to the real transmitted signals
frequency of 0.5Hz. Assume no communication delays. The
performance of velocity and force feedback tracking in the
bilateral teleoperation system under this baseline condition is
illustrated in Fig. 2. The output trajectories of Joint 1 and Joint
2 closely matched their respective reference trajectories in both
the system performance. However, upon closer examination of
the zoomed-in plots, a noticeable difference of 0.06 seconds
can be observed between the output trajectories of velocity
tracking, resulting in a small error evident in Table I. It is worth
noting that this notable delay can be attributed to the inclusion
of control gains designed to prioritize force feedback tracking
over velocity tracking. Thus, achieving excellent performance
and decent transparency.

Furthermore, in the shaded windows in Fig. 2, two distinct
pulse disturbances were introduced to represent an environ-
mental force. These disturbances occurred precisely at 4.0
and 7.0 seconds and were felt by the operator at the same
time, as evident in the force tracking. As a result of these
disturbances, the output velocity experienced a decrease at
those specific time points, as indicated by the velocity tracking.
This decrease in velocity causes the slippage. Moreover, the
computed energy balance within the entire system, as shown
in Fig. 4, proves that the closed-loop teleoperator is passive,
and evidently guarantees the system stability.

B. Constant Delays

Three sets of simulation configurations were conducted,
each with different constant time delays of 0.2, 0.6, and 1.0
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Figure 2: No delay case (solid lines - operator side and dashed
lines - remote side): Velocity tracking performance (Left) and
Force feedback tracking performance (Right) of both Joint 1
and Joint 2.

seconds. For each case, velocity tracking and force feedback
tracking were evaluated. Specifically, Fig. 3 illustrates the
delay cases of 0.6 seconds. From these simulation results, it
is evident that this distinct delay was accurately identified and
pin-pointed in addition to the nominal delay of 0.06 seconds
in velocity tracking. Additionally, it was observed that as the
delay increased, the deviation of the output trajectories from
the reference trajectories also increased. To quantify these
deviations, the MAE errors of these metrics are summarized
in Table I. In the no-delay case, it is assumed that the results
for all metrics are negligible for both joints, indicating perfect
tracking performance. However, when a 0.2-second delay is
introduced, significant deviations from the reference values
of 0.0 can be observed. Specifically, for Joint 1 and 2, the
MAEs of velocity tracking are 18×10−3 m/s and 10×10−3

m/s, respectively. Additionally, the MAEs of force feedback
tracking are 50 × 10−3 N and 41 × 10−3 N , respectively.
These values indicate a substantial deviation from the desired
reference values. Moreover, in the case of a 1.0-second delay,
the output distortion becomes even more significant. Further-
more, it is worth noting that the impact of the delay is more
severe on the force feedback tracking compared to the velocity
tracking. In the instant described above, the changes in the
force feedback error values are almost ten times greater than
those in the velocity tracking. Thus, we can say as the delay
increases, the tracking error also increases. This resulted in a
decrease in both performance and transparency.

.
To assess the stability of the delayed system, the energy

balance analysis was conducted for all the experiments, as
shown in Fig. 4. It was observed that as the delay increased,
the energy balance within the system started to deviate from
a positive balance (i.e. passive). At around a delay of 0.6
seconds, the system began losing its positive energy bal-
ance, indicating potential instability. The critical point was
identified at approximately 0.72 seconds, where the energy
balance reached zero and the system became non-passive.
To further support this hypothesis, the phase margin of the
closed-loop system with a 0.72-second delay was found to be
approximately −0.115◦, as depicted in Fig. 5. Thus, all delays
above this value make the system to exhibit a negative energy

Figure 3: 0.6-second constant delay case: Velocity tracking
performance (Left) and Force feedback tracking performance
(Right) of both Joint 1 and Joint 2.

Figure 4: Energy balance Analysis for different constant
delays: solid line - Joint 1 and dashed line - Joint 2

balance.

Figure 5: Nyquist plot for the closed-loop teleoperation system
for different constant delays

C. Varying Delays

Network delays are rarely constant and can fluctuate over
time due to various factors. Thus, in this section, we conducted
another three experiments with varying delays modeled as
a uniform distribution between a minimum value a and a
maximum value b: D ∼ U(a, b). These delays included 0.2 ∼
U(−0.1, 0.1), 0.6 ∼ U(−0.1, 0.1), and 1.0 ∼ U(−0.1, 0.1)
seconds. The same simulation condition and settings were
maintained as in the constant delay case. For each case, the
velocity tracking and force feedback tracking were evaluated,
similar to the previous evaluations. The results of 1.0 ∼
U(−0.1, 0.1) second is depicted in Fig. 6, which demonstrates
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Table I: MAE Performance Metrics in Simulation

Cases Delays (s)

Velocity
tracking error
(×10−3 m/s)

Force Feedback
tracing Error
(×10−3 N)

Joint 1 Joint 2 Joint 1 Joint 2
No delay 0.0 0.00003 0.00001 0.0 0.0

Constant
delay

0.2 18.5 10.3 50.1 41.4

0.6 38.1 19.0 122.7 92.4

1.0 54.0 26.3 157.1 108.9

Varying
delay

0.2 ± 0.1 17.5 9.2 39.0 33.4

0.6 ± 0.1 36.2 17.6 109.6 76.4

1.0 ± 0.1 52.8 24.9 137.5 90.1

Compensated
delay

0.6 17.3 8.7 25.4 19.8

0.8 22.2 10.5 38.9 29.4

1.0 27.8 14.1 51.5 32.1

Figure 6: 1.0 ∼ U(−0.1, 0.1)-second varying delay case: Ve-
locity tracking performance (Left) and Force feedback tracking
performance (Right) of both Joint 1 and Joint 2.

the impact of delay variations on the system performance.
Notably, the varying delays at different time points were
accurately identified and pin-pointed, and the nominal de-
lay of 0.06 seconds in velocity tracking remained evident.
Furthermore, as the delay increased, the deviations between
the output trajectories and reference trajectories became more
pronounced, the same as before. based on the summarized
MAE error in Table I, it is observed that in the case of a
0.2 ∼ U(−0.1, 0.1)-second delay, significant distortion from
the reference values can be noted. Specifically, for Joint 1 and
2, the MAEs of velocity tracking are 17.4 × 10−3 m/s and
9.2×10−3 m/s, respectively. Additionally, the MAEs of force
feedback tracking are 39.0× 10−3 N and 33.0× 10−3 N , re-
spectively. These values indicate deviations from the reference
values, although to a lesser extent compared to the constant
delay case. Similar observations can be made for other cases
as well. This finding supports the results obtained in [8].
Nevertheless, looking at the energy balance analysis presented
in Fig. 7, the system exhibits similar characteristics to those
observed in the case of constant delays. Thus, this finding
indicates that variations in delays have a detrimental impact
on the overall performance and stability of the teleoperation
system.

IV. ANALYSIS OF DELAY PREDICTOR PERFORMANCE

In this section, we utilized the GA methodology described in
the previous section to obtain the optimal predictor parameters,

Figure 7: Energy balance Analysis for different Varying de-
lays: solid line - Joint 1 and dashed line - Joint 2

α and β, for the delays that induce instability in the proposed
low-speed teleoperated UGV. Specifically, the constant delays
compensated were 0.6, 0.8, and 1.0 seconds. As suggested by
the authors in [16], the fine-tuning process should began with
analyzing the open-loop step response of the predictor for the
anticipated time delays. Subsequently, then completed using
a simulation model of the closed-loop bilateral teleoperation
system. Moreover, in addition to the metrics previously used,
we will now introduce the Mean Absolute Percentage Error
(MAPE) to evaluate the prediction accuracy and Mean Delay
Compensation Percentage (MDCP) to quantify the reduction
in delay achieved:

MAPE =
1

n

n∑
t=1

∣∣∣∣xt − x̂t

xt

∣∣∣∣× 100% (16)

where n is the number of samples, xt is the actual value, and
x̂pt is the predicted value.

MDCP =

∣∣∣∣T − Tc

T

∣∣∣∣× 100% (17)

where T denotes the mean original delay and Tc denotes the
mean compensated delay.

A. Open-Loop Performance Analysis

The proposed GA algorithm is then executed, resulting
in the best designs for the open-loop step response of the
predictor for the three delay cases, which are presented in
Table II. These best parameter values obtained are compared
with the parameter values acquired from the approximate
linear relationships derived from the predictor [16]. Further-
more, the graphical open-loop performance of these optimal
parameters is presented in Fig. 8. The simulation results
clearly demonstrate that the GA-optimized predictor exhibits
superior performance compared to the existing predictor across
all delay cases. A closer examination of the zoomed-in plot
reveals that the optimal predictor demonstrates a MAPE
of 7.1%, whereas the existing predictor exhibits 14.6% in
Fig. 8(a). These values correspond to the MDCP of 94%
and 72%, respectively. A similar trend is observed for the
cases of Fig. 8(b) and Fig. 8(c), 92% and 59%, and 89%
and 53%, respectively. However, it is worth noting that as the
delay increases, the difficulty of compensation becomes more
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apparent, resulting in an overshoot, as seen in the case of a 1-
second delay in Fig. 8 (c). For further clarity, the L2 norm
of the tracking error is evaluated and presented in Fig. 9.
It can be observed that as the delay increases, the error in
compensating for the delay also increases. Surprisingly, the
study reveals that the error difference remains consistent across
various delay cases. For instance, in the 0.6-second delay, the
optimal predictor has an L2-norm of 1.49, while the existing
predictor has 6.02, a difference of 4.53. A similar pattern is
observed in the 1.0-second delay scenario, with a difference of
4.68. These small variations indicate the impact of overshoot
on delay compensation.

Table II: Optimal Parameters Vs Existing Parameters

Delays
(s)

Optimal Parameters
(GA)

Existing Parameters
(Approx. Relationship) [16]

0.6 α = 0.62 α = 0.40
β = 1.92 β = 2.87

0.8 α = 0.49 α = 0.30
β = 1.63 β = 2.09

1.0 α = 0.57 α = 0.21
β = 1.12 β = 1.94

B. Closed-Loop Performance Analysis

To evaluate the performance of the GA-optimized predictor
and complete the tuning of its parameters for compensating
the latency in our specific bilateral teleoperation system, we
simulate the integrated components of the system paradigm
shown in the Green lines section of Fig. 1. The parameter
values and coefficients of the system dynamics and controls
remain unchanged, as mentioned in the previous section. In our
case study, the two predictors depicted in Fig. 1 are designed
to predict different coupling variables. The forward predictor
aims to estimate the linear velocity command xm1 and angular
velocity xm2, while the backward predictor estimates the
longitudinal force feedback fv and lateral force feedback fω .
From a preliminary test done, all these coupling variables have
frequencies lower than 1Hz.

To ensure a fair comparison with the previous evaluations
of the delayed system, we maintained the same simulation
conditions and settings as described above. We then evaluated
the velocity tracking and force feedback tracking for each
case with the MAE metric. Initially, we used the optimal
parameter values obtained from the open-loop analysis of
the predictor. However, as the evaluation progressed, we
made little adjustments to some of the predicted signals by
modifying the predictor’s parameter values, this is because
of there slightest difference in their frequencies. The sim-
ulation results in Fig. 10, demonstrate the ability of the
GA-optimized predictor to compensate for the 1.0 second
delay. The predicted output trajectories of Joint 1 and Joint
2 closely matched their respective reference trajectories with
an average MAPE of 8.3% and MDCP of 86 % in the case.
In the force tracking, it is vividly shown that the predictor
was able to predict the force feedback just before the actual
force feedback at 6.0 seconds in Fig. 10. These observations
indicate the effectiveness of the predictor, resulting in accurate
tracking of the desired trajectories. In contrast, the delayed

(a)

(b)

(c)

Figure 8: Open-loop prediction performance: Left- zoomed-in
plot and Right- main plot (a) 0.6-second delay (b) 0.8-second
delay (c) 1.0-second delay
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Figure 9: L2-norm Error under Three Time Delay conditions
for Optimal Predictor, Existing Predictor, and No Predictor.

system achieved a MAPE of 28% in matching the reference
trajectories. Furthermore, it was observed that a higher delay
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resulted in the predictor exhibiting an increased overshoot.
This highlights the trade-off between achieving accurate delay
compensation and maintaining stability.

Upon analyzing the MAE errors in Table I for the 0.6-
second delay case, the observed deviation from the reference
values is almost negligible. Specifically, for Joint 1 and 2,
the MAEs of velocity tracking are 17.3 × 10−3 m/s and
8.7×10−3 m/s, respectively. Additionally, the force feedback
tracking error are 25.4 × 10−3 N and 19.8 × 10−3 N ,
respectively. The deviations are considered acceptable since
they are significantly lower than those observed in the delayed
case. Similar observations can be made for the 0.8-second and
1.0-second delay cases. Moreover, it has been demonstrated
that the delays of 0.6, 0.8, and 1.0 seconds are no longer
a threat to the stability of the compensated system. This is
evident from the positive energy balance (passive) exhibited by
the system, as shown in Fig. 11. However, it was observed that
as the delay increases, the energy balance of the compensated
system also increases. This phenomenon is attributed to the
increased overshoot that accompanies increasing delays.

Figure 10: 1.0-second Compensated delay case: Left - Velocity
tracking performance and Right - force feedback tracking
performance of both Joint 1 and Joint 2

Figure 11: Energy balance Analysis for different delays with
compensators: solid line - Joint 1 and dashed line - Joint 2

V. HUMAN-IN-THE-LOOP EXPERIMENT

In this section, we conducted an experimental evaluation of
the proposed GA-optimized predictor. The experimental setup
consisted of the Torch-X haptic device, Matlab/SIMULINK
software, and the Vortex Studio real-time simulator [12], [15],
[21], which have demonstrated its high-fidelity and realistic
simulation capabilities for UGVs operating on soft terrains.

Figure 12: L2-norm error comparison for all the simulated
cases across 1.0-second delay

We utilized the KU rover simulation environment specifically
designed for analyzing mobility and traction on soft terrains in
a real-time. This simulation method was previously developed
and validated in an experimental study [22] conducted on a
single-wheel testbed for the UAE Rashid Rover.

Fig. 13 presents a visual illustration of the experimental set-
up for the low-speed teleoperated UGV. The figure shows the
various components and equipment used in the experimental
setup. This setup enables control and interaction with the
UGV in a simulated environment, providing a platform for
evaluating the performance of developed algorithms for the
teleoperated system. In our case study, we assume a low-
speed teleoperated UGV for navigating the “Low-light” lunar
environment known as Lacus Somniorum [7]. The one-way
communication delay is anticipated to be around 0.98 secs
representing a long-distance (380,000 Km) network. Thus, we
used a varying transport delay of 1.0 ∼ U(−0.1, 0.1). The
teleoperator controller gains in (8) and (9) were set to the
different values used in the simulation, km = ks = 4. This
choice was made to achieve a balanced trade-off between
performance and transparency. Measuring the force directly
perceived by the operator is impractical. Instead, an estimation
approach is employed, following the methodology described
in [15], which relies on the underlying dynamics estimation.

fh = M̄mẋm + C̄mxm − ūm (18)

Three distinct experimental configurations were conducted
to comprehensively evaluate the system performance under
diverse conditions. These configurations maintained consistent
characteristics throughout the experiment that include trained-
operator, and the soil properties characterized by looseness
[22]. The Three configurations encompassed the following
cases: (I) Instant case, (II) Delayed case, and (III) Predicted
case. In addition to the previously used metrics above, two
additional metrics, namely the success rate and task ac-
complishment time as mathematically described below, were
employed to enhance the evaluation.

Sr =

(
1− Ta − Tp

Tp

)
× 100% (19)

where Sr is the mission success rate, Ta is the task
accomplishment time with slippage and Tp is the ideal case,
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Figure 13: Experimental set-up with virtual low-speed teleop-
erated UGV

which is the task accomplishment time with pure rolling. An
ideal experiment was conducted for the UGV traversing terrain
from any point A to another point B in a straight line with
pure rolling, and the task accomplishment time was recorded
to be 200 seconds.

Case I: Instant Case

In this Ideal case, the UGV is being teleoperated to traverse
the soft terrain with instant haptic feedback. The haptic feed-
back provides the operator with slippage awareness in both the
longitudinal and lateral motion of the UGV. The deviation of
the motion commands observed is well-regulated, as evident in
Fig. 14(a). This is because the operator is able to well perceive
the slippage as demonstrated by force tracking performance
in Fig. 14(b), and use this awareness to correct the velocity
commands and compensate for the deviation. Thus, the ideal
bilateral teleoperator experimentally demonstrates excellent
performance and satisfactory transparency, which is consistent
with the simulation results shown in Fig. 2. This is quantita-
tively evident from the L2-norm error values of 0.378 m/s for
linear speed and 7.87 rad/s for angular speed, as in Fig. 18-
left. Additionally, 1.198 N for longitudinal force feedback, and
6.558 N for lateral force feedback, as illustrated in Fig. 18-
right. Thus, these values indicate that the teleoperator’s outputs
closely align with the desired reference values.

The task completion time was recorded as 219 seconds,
and the estimated mission success rate was 91.5%. These
observations indicate a high likelihood of achieving the desired
outcome. Furthermore, the energy balance of the bilateral
teleoperator was computed. The results, as depicted in Fig. 17,
reveal a positive energy balance, indicating that the system is
passive and, therefore stable.

Case II: Delayed Case

As previously mentioned, the latency for this case study is
assumed to be a uniform distribution of 1.0 ∼ U(−0.1, 0.1)
seconds. The obtained results for velocity tracking perfor-
mance in Fig. 15(a) clearly demonstrate extremely poor perfor-
mance, which confirms the simulated results shown in Fig 6.

(a)

(b)

Figure 14: UGV traversing soft terrain with undelayed slippage
awareness (a) Linear velocity tracking (Left) and Angular
velocity tracking (Right) (b) Longitudinal force feedback
tracking (Left) and Lateral force feedback tracking (Right)

The significant delays in the system witnessed in the zoomed-
in plot confuse the operator, causing them to apply rapid and
unpredictable changes in motion commands, which ultimately
leads to over-speeding of the UGV at 0.2 m/s. Additionally,
when examining the force tracking performance in Fig. 15(b),
it is evident that the transparency of the system is almost
null. The operator tries to perceive changes in the interaction
forces, but due to the delayed force feedback received, they
face difficulties in accurately compensating for the motion
commands while trying to adapt to the delayed feedback.
This leads to both over-compensation and under-compensation
phenomena. The L2-norm error value of this performance and
transparency are obtained from Fig. 18: 5.43 m/s for the linear
velocity, 48.64 rad/s for the angular velocity, 24.64 N for the
longitudinal force feedback, and 28.99 N for the lateral force
feedback.

The task completion time and the mission success rate
remained null in this case because the UGV became trapped
in a sand trap before reaching the designated destination
point. This unexpected event prevented the completion of
the task and resulted in a mission failure. Additionally, the
energy balance of the closed-loop system was computed to be
negative, as depicted in Fig. 17. This indicates that the system
is non-passive and, therefore unstable. Hence, we can attribute
this primarily large delays between the operator and the UGV.
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(a)

(b)

Figure 15: UGV traversing soft terrain with delayed slippage
awareness. (a) Linear velocity tracking (Left) and Angular
velocity tracking (Right) (b) Longitudinal force feedback
tracking (Left) and Lateral force feedback tracking (Right)

Case III: Predicted Case

This case highlights the main contribution of this work,
which is the integration of the developed GA-optimized pre-
dictor framework into the closed-loop system to compensate
for the delays encountered in Case II. The optimal parameter
values of the predictors are α = 0.57, β = 1.12 for the
forward predictor, α = 0.64, β = 0.91 for the backward
predictor, as they exhibit different bandwidths as demonstrated
in the closed-loop performance analysis Fig. 10. By providing
predicted motion commands to the UGV and predicted force
feedback to the operator, the predictor framework improves
the performance and transparency of the compensated closed-
loop system in the presence of large delays as illustrated
in Fig. 16. Looking at this obtained result, we can see a
significant improvement in terms of both velocity tracking
performance and force tracking performance compared with
those obtained in Case II. However, the predictor framework
exhibits rapid transient behavior for about 5 seconds before
eventually reaching a steady state, as shown in the shaded
portion. Moreover, the L2-norm error values are computed to
be 0.921 m/s for linear speed and 12.15 rad/s for angular
speed, as in Fig. 18-left. Additionally, the L2-norm error
amounts to 4.32 N for longitudinal force feedback, and 13.52
N for lateral force feedback, as illustrated in Fig. 18-right.
Comparatively, these values are significantly lower than those
observed in Case II, while slightly higher than the values
obtained in Case I.

The task completion time was recorded as 236 seconds,
and the estimated mission success rate was 83.7 %. These
observations indicate a high chance of achieving the desired
outcome. Additionally, a positive energy balance was obtained
for the compensated bilateral teleoperator, ensuring the passive
stability of the system, as illustrated in Fig. 17. However, the
observed increase in energy balance that was observed during
the simulation is also evident in the experiment.

(a)

(b)

Figure 16: UGV traversing soft terrain with predicted slippage
awareness. (a) Linear velocity tracking (Left) and Angular
velocity tracking (Right) (b) Longitudinal force feedback
tracking (Left) and Lateral force feedback tracking (Right)

Figure 17: Comparison of Energy Balance among Ideal, Pre-
dicted, and Delayed Cases

VI. CONCLUSION

The study focused on the impact of latency on bilateral
teleoperation of low-speed UGVs on soft terrains. Our result
reveals maintaining a latency threshold of 0.72 seconds is
crucial for stable UGV operation. Furthermore, we proposed
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Figure 18: L2-norm error comparison for all the Experimented
cases

a GA-optimized predictor framework to compensate for a 1.0-
second latency in Lunar exploration, achieving a significant
86% latency compensation, outperforming the existing predic-
tor’s 51% in a closed-loop teleoperation system. Experimental
validation of the framework demonstrated its effectiveness in
compensating for delays in real-world scenarios. However, the
proposed predictor has a notable limitation, characterized by
increased overshoot and unused energy at higher delays. To
address this in the future, a potential enhancement strategy
could involve utilizing a Recurrent Neural Network (RNN)
for modeling to capture the system complexity.
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