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Abstract—Delayed teleoperation requires operators to predict
robot motion based on outdated feedback. This becomes espe-
cially challenging in environments such as the lunar surface,
where uneven terrain and loose regolith create disturbances
that make future robot states harder to estimate. Predictive
displays help reduce the impact of communication delays by
showing an estimate of the robot’s future state, allowing operators
to anticipate what will happen after their inputs. However,
most existing predictive displays either show a single predicted
trajectory or only represent uncertainty using worst-case bounds.
This can hide how likely different outcomes are, making it
harder for operators to understand what the robot is most likely
to do. In this paper, we introduce a Probabilistic Envelope,
a visualization method that shows the most likely trajectory
together with layered uncertainty bands. These bands use opacity
to represent probability, making uncertainty easier to interpret.
We evaluate the proposed method in a lunar rover simulation
with a 2.56s communication delay. The results show that the
Unscented Transform is more computationally efficient than the
Monte Carlo method. In addition, the 1σ and 2σ uncertainty
bands tend to overestimate environmental uncertainty, while the
3σ band slightly underestimates it.

I. INTRODUCTION

Communication delays as small as 300 ms can already
reduce the precision of robot control, and delays above 700
ms can make teleoperation extremely difficult or nearly impos-
sible [32]. These delays are common in teleoperation, where
humans control robots from a distance in hazardous or hard-
to-reach environments such as collapsed buildings, dangerous
industrial sites, and planetary exploration missions [10], [11].
In these situations, operators rely on remote sensing systems
that are often limited by bandwidth, latency, and occlusions.
Because of this, the feedback they receive about the robot and
its environment is both delayed and incomplete.

In such settings, the normal feedback loop between action
and observation is disrupted [3], [4]. Operators are forced
to rely on outdated information, which reduces situational
awareness and increases cognitive load [1], [12]. As a result,
they often adopt a “move-and-wait” strategy, where the robot
is advanced incrementally and then paused until feedback
is received [3], [4], [37]. While this approach can reduce
accumulated errors, it is inefficient and does not solve a key
challenge: predicting robot motion under delay in uncertain
environments.

This prediction problem becomes even more difficult in
environments with strong variability. In such settings, the

relationship between control commands and robot motion
becomes difficult to infer [1], [3], [9]. This is particularly evi-
dent in planetary and lunar exploration, where communication
delays are combined with loose regolith, uneven terrain, and
changing traction conditions that cause unpredictable devia-
tions in motion [35]. Studies on lunar rover mobility show that
these terrain effects can significantly alter trajectories, making
accurate prediction essential for safe and reliable operation
[34]. As a result, operators must continuously estimate the
robot’s state while accounting for both communication delay
and environmental uncertainty, which is highly demanding
under time pressure [2], [7], [30].

A common approach to address communication delay is the
use of predictive displays. These interfaces estimate the robot’s
near-future state so that operators can anticipate outcomes even
when feedback is delayed [7], [8], [30]. A key challenge in
these systems is how to represent uncertainty in a way that
actually supports decision-making. Many existing methods
rely on a single deterministic prediction, which hides important
uncertainty caused by delays in command responses, imperfect
control models, and environmental disturbances [30].

To address this, Cardinaels et al. [30] propose visualizations
that explicitly show uncertainty in predictive displays. Their
worst-case envelope extends the predicted trajectory into a
cone-shaped region that captures possible deviations caused
by disturbances. While this makes spatial uncertainty visible
and can reduce cognitive load, it only represents the maximum
possible error and treats all states within the envelope as
equally likely. In other words, it shows where the robot
might be, but not how likely each outcome is. Without this
information, operators may find it harder to form an accurate
mental model of future states [5], [18], potentially reducing
trust in predictive displays and encouraging more reactive
control strategies.

In this paper, we introduce a Probabilistic Envelope: a
predictive visualization that represents both the expected future
trajectory and the likelihood of deviations around it. We an-
alytically approximate how uncertainty evolves by separating
deterministic effects from zero-mean, correlated ones. These
modeled uncertainties are then communicated through a visual
representation of layered confidence bands around a predicted
mean trajectory over the delay horizon.

In short, we contribute:



1) A decomposition of delayed teleoperation uncertainty
into deterministic and correlated stochastic disturbance
components relevant to predictive envelope generation.

2) An analytical probabilistic modeling framework that
propagates uncertainty using a combination of deter-
ministic dynamics and correlated noise models, enabling
real-time prediction through the Unscented Transform.

3) A Probabilistic Envelope visualization that externalizes
these modeled uncertainties as layered confidence bands
around a predicted mean trajectory.

4) A technical evaluation demonstrating that the Probabilis-
tic Envelope meets real-time performance requirements
and produces sigma-level containment rates broadly
consistent with theoretical expectations.

II. RELATED WORK

Communication delay is a well-known challenge in teleop-
eration, particularly when environmental disturbances intro-
duce differences between commanded and executed motion
[1], [10], [11]. To mitigate these effects, predictive displays
have been widely studied as a means of visualizing anticipated
robot motion [7], [8]. However, when these displays rely on
worst-case characterizations of uncertainty [30], [36], they
show the range of possible deviations without indicating which
outcomes are most likely, potentially encouraging overly con-
servative control strategies.

A. Uncertainty Modeling

Robot motion in real-world environments is inherently un-
certain because environmental disturbances disrupt the map-
ping between commanded inputs and physical movement.
In differential-drive systems, even small systematic errors
such as unequal wheel diameters or imprecise wheelbase
measurements accumulate into drift over time and degrade
the reliability of open-loop control [38]. Cardinaels et al.
[30] address environmental uncertainty in predictive teleop-
eration through a worst-case deterministic formulation. Their
approach represents uncertainty by constructing a bounded
envelope over predicted motion under asymmetric disturbance
assumptions, where one wheel is subjected to worst-case
conditions while the other operates normally. This yields a
conservative geometric bound on lateral deviation arising from
accumulated disturbances.

Beyond deterministic bounds, probabilistic modeling has
become central to characterizing the stochastic nature of
motion disturbances. Thrun et al. [39] formalized this through
velocity and odometry motion models in which Gaussian noise
is injected into translational and rotational components of
commanded motion. This produces a distribution over succes-
sor poses rather than a single predicted state and established
the foundation for treating motion commands as stochastic
processes.

Accurately propagating these distributions through nonlin-
ear motion models, however, introduces significant compu-
tational complexity that limits their direct use in real-time
systems. The Unscented Transform (UT) introduced by Julier

and Uhlmann [42] addresses this challenge by approximating
the propagation of mean and covariance through nonlinear
transformations using a deterministic set of carefully cho-
sen sigma points. Unlike linearization-based approaches, UT
captures higher-order effects of nonlinearity without requiring
explicit Jacobians, making it particularly suitable for real-time
state estimation in robotics.

Building on these principles, data-driven approaches have
been developed to capture terrain-induced disturbances in off-
road and planetary contexts. Trivedi et al. [33] employed Gaus-
sian Process Regression augmented with sigma-point trans-
forms to model nonlinear tire–terrain interactions, generating
full predictive distributions over future poses. Cunningham et
al. [40] used Gaussian processes to estimate wheel slip for
planetary robots, with uncertainty bounds that tighten as local
terrain observations accumulate. Probabilistic state estimation
under communication delay has also been explored. Das and
Dobie [41] modeled the distributional uncertainty of delayed
sensor measurements within an augmented-state Kalman filter,
allowing the estimator to reason explicitly about temporal
misalignment.

While these models improve predictive fidelity, the central
challenge in delayed teleoperation is not solely the accuracy of
the underlying uncertainty representation. Instead, it concerns
whether the resulting predictions and their associated uncer-
tainty can be externalized in a form that operators can perceive,
interpret, and act upon within the tight temporal constraints of
real-time control.

B. Visual Encoding

Probabilistic models of robot motion provide mathemat-
ically precise descriptions of uncertainty, but making such
information actionable for human operators requires careful
interface design [25]. Probability estimates are often difficult
to interpret in real time, particularly under time pressure or for
non-expert users [20], [24]. Visualization therefore serves as a
critical translation layer, converting probabilistic information
into perceptual forms that can be integrated directly with an
operator’s understanding of the robot and its environment.

Uncertainty visualization is a broad and heterogeneous
design space rather than a single representational solution [21],
[29]. Foundational surveys, such as Pang et al. [15], catalog
a wide range of techniques, including fuzzy boundaries, over-
lays, and variations in color, opacity, texture, and geometry,
highlighting that uncertainty can be encoded in fundamentally
different ways. A central distinction in this space lies between
bounded encodings, which communicate only the range of
possible outcomes, and distributional encodings, which convey
how probability mass is distributed within that range.

Bounded encodings, formalized by Olston and Mackinlay
[16], represent uncertainty using explicit upper and lower lim-
its without indicating the likelihood of intermediate outcomes.
Predictive visualizations commonly used in teleoperation, in-
cluding the worst-case envelope described above, fall into this
category. These representations are visually simple and com-
putationally efficient. However, they do not communicate how



likelihood varies within the boundary, potentially obscuring
structure that is important for anticipating likely outcomes.

Distributional encodings aim to make probability distri-
butions perceptually apparent. Techniques include gradient-
based fills, density and violin plots, contour lines, and dy-
namic ensemble-based cues [15], [27]–[29]. Empirical studies
show that such representations communicate information that
bounded displays cannot. Seipp et al. [26] found that opacity-
based encodings support more accurate interpretation of areal
uncertainty than alternatives such as blur, grids, texture, or
contour lines, particularly for non-expert users. Complemen-
tary work on Value-Suppressing Uncertainty Palettes shows
that reducing color resolution in regions of high uncertainty
encourages more cautious decision-making [22].

Colley et al. [14] operationalized these principles in the
context of autonomous vehicles, implementing a cone-shaped
trajectory visualization that widens to encode growing po-
sitional uncertainty, with color and transparency indicating
likelihood. Their results confirmed that color is particularly ef-
fective at conveying distributional uncertainty. Taken together,
these findings underscore that visual encoding fundamentally
shapes whether probabilistic information becomes actionable
insight, motivating the shift from bounded to distributional
representations in predictive display design.

C. Human Interpretation

Whether a visualization of uncertainty supports effective
control depends not only on its design, but on the cognitive
processes operators bring to bear when reading and acting
on it under delay. When immediate feedback is unavailable,
operators must maintain internal mental models to anticipate
the robot’s unobserved state [1]–[4]. Constructing and updat-
ing these models increases mental workload, as reflected in
studies reporting elevated cognitive demand, heightened stress,
and conservative behavioral strategies such as move-and-wait
under delayed conditions [1], [4], [12], [37]. Predictive visual-
izations aim to externalize uncertainty and reduce this burden,
but their effectiveness depends critically on how operators
perceive and interpret probabilistic information [17].

Boukhelifa and Duke [6] argue that uncertainty visualiza-
tions often fail in practice due to perceptual and cognitive
confusion introduced by the depiction itself. They identify
the aggregation of heterogeneous uncertainty sources as a
particular challenge, noting that combining confidence infor-
mation from multiple origins can introduce a secondary layer
of uncertainty that undermines the reliability of the display.
Matzen et al. [17] reinforce this point empirically, showing that
seemingly minor differences in how uncertainty is depicted can
lead to substantially different patterns of risk perception and
decision-making, underscoring that depiction choices are not
neutral.

Empirical work in related domains further demonstrates
that visual encodings of likelihood shape decision-making,
risk perception, and trust. Colley et al. [14], [18] show that
visualizing uncertainty can improve users’ anticipation of
likely outcomes and calibrate trust in the underlying system,

while Bancihon et al. [19] find that the choice of uncer-
tainty encoding modulates both perceived risk and risk-taking
behavior. Large-scale studies by Bles et al. [31] indicate
that communicating uncertainty bounds does not significantly
undermine trust in the information source, and Reyes et al.
[23] extend this finding to AI-based decision support, showing
that uncertainty visualization can meaningfully increase trust
among initially skeptical users. Although these studies do not
focus exclusively on teleoperation, they suggest a transferable
design principle: making likelihood information perceptually
salient can help users distinguish likely outcomes from merely
possible ones. In the present work, this principle motivates the
use of layered probability bands, while its operational effect
in teleoperation remains a question for future user evaluation.

Taken together, prior work highlights the need to move
beyond bounded representations toward predictive displays
that convey the full distribution of possible outcomes. This
shift emphasizes not only probabilistic modeling, but also how
uncertainty is encoded and interpreted by human operators.
Distribution-aware visualizations have the potential to reduce
cognitive load, improve decision-making under delay, and
avoid overly conservative control strategies.

III. UNITE: A LUNAR ROBOT SIMULATOR

To develop and evaluate the Probabilistic Envelope, we rely
on UNITE, a Unity-based lunar robot simulation environment
introduced by Cardinaels et al. [30]. UNITE provides a con-
trolled simulation platform for studying delayed teleoperation,
combining a configurable physics model with fixed communi-
cation delay and terrain-dependent disturbances.

A. Robot Motion

UNITE simulates a TurtleBot3 Waffle Pi, a differential-drive
mobile robot whose motion follows the standard kinematic
model. The operator provides discrete movement commands
(forward, backward, left, right), which are translated by the
simulator into left and right commanded wheel velocities,
denoted vL and vR. At each simulation step dt, the sim-
ulator updates the robot’s pose and wheel velocities. For
implementation purposes, UNITE stores the robot’s position
(x, y, z), heading θ, wheel velocities (vL, vR), timestep dt,
and current input. The probabilistic model developed in this
work primarily uses the planar pose (x, z, θ) and the wheel
velocities (vL, vR). The robot’s motion is determined by its
linear and angular velocities. The linear velocity v is computed
as the average of the wheel velocities:

v = (vL + vR)/2

and the angular velocity ω is computed from their difference,
scaled by the robot’s wheelbase distance b:

ω = (vR − vL)/b

These velocities are then integrated over the timestep dt to
update the robot’s pose:

xt+1 = xt + v cos(θt) dt,



zt+1 = zt − v sin(θt) dt,

θt+1 = θt + ω dt.

B. Communication Delay

To reproduce the temporal separation inherent to lunar
teleoperation, UNITE incorporates a fixed one-way communi-
cation delay of 2.56 s. This value corresponds to the minimum
signal propagation time between Earth and the Moon [42],
thereby grounding the simulation in a realistic operational
context.

In practice, the delay is implemented using a time-stamped
command queue. Each operator input is stored in this queue
together with the simulation time at which it is scheduled to be
executed. Rather than being applied immediately, commands
are deferred until the full 2.56 s delay has elapsed.

During this waiting period, the queued inputs are also used
to compute the predicted lookahead window. This ensures that
the robot’s anticipated future trajectory is always derived from
the same delayed command stream that governs its actual
execution.

C. Environmental Disturbances

Beyond communication delay, UNITE incorporates a di-
verse set of environmental disturbances that reflect the vari-
ability encountered in planetary and lunar environments. These
disturbances affect the robot’s wheel velocities before each
kinematic update, causing deviations between commanded and
executed motion. They include:

1) Wheel Slip: Reduced traction on rough or loose surfaces
lowers the effective wheel speeds, especially at higher
velocities.

2) Motor Variation: Time-dependent, deterministic varia-
tions in motor response independently modulate the
left and right wheel velocities, introducing small but
continuous asymmetries.

3) Wheel Radius Variation: Slight differences in wheel
radius introduce a slow, oscillatory turning tendency
even under symmetric commands.

4) Terrain Vibration: Spatially smooth terrain irregularities
generate fluctuations in wheel motion.

5) Encoder Noise: Additional variability is applied to wheel
velocities to reflect imperfections.

6) Slope Effects: Inclined terrain alters effective wheel
velocities, causing downhill drift or resistance when
moving uphill.

Disturbances (1) and (6) are directly governed by the terrain
at the robot’s position. Wheel slip scales with both local
surface roughness and the robot’s velocity, whereas slope
effects are determined by the terrain gradient and the robot’s
heading, introducing direction-dependent drift or resistance.
Disturbances (2) and (3) are deterministic and time-dependent:
motor variation is modeled through sinusoidal functions, while
wheel-radius variation is represented by an anti-correlated
sinusoidal signal applied to the left and right wheels. Dis-
turbances (4) and (5) are derived from Perlin noise fields

sampled at the robot’s location, generating spatially coherent
vibration and encoder fluctuations that evolve smoothly as the
robot traverses the environment. Although the resulting motion
may appear irregular, all disturbance sources within UNITE’s
physics model are deterministic, meaning that identical inputs
consistently produce identical outcomes. This contrasts with
stochastic uncertainty models, where disturbances are treated
as random variables rather than fixed, repeatable dynamics.

To account for these environmental influences, the nominal
wheel velocities vL and vR, computed directly from operator
input, are subsequently processed by the physics model. This
yields modified wheel velocities that capture the combined
effects of control input and terrain-dependent disturbances.

IV. PROBABILISTIC MODELING

A key challenge in delayed teleoperation is that operator
commands are generated based on the robot’s currently ob-
served state, but are only executed after a 2.56 s delay. During
this time, the environment may change, and the robot can
experience disturbances that could not be anticipated when
the command was issued.

The Probabilistic Envelope is designed to help operators
manage this uncertainty. It estimates how much the robot may
deviate over the delay horizon. First, it computes a mean
trajectory, which represents the most likely path of the robot
given the queued commands and known deterministic effects
of the environment. Around this mean, the method visualizes
±3σ bands, which represent the expected range of deviations
caused by temporally correlated noise over time.

To compute this envelope, we require a model that can cap-
ture uncertainty from environmental disturbances. A straight-
forward approach is Monte Carlo (MC) simulation, where
the robot’s future motion is simulated multiple times while
randomly sampling noise in each rollout. The resulting set of
trajectories can then be used to approximate the distribution
of future states. This approach is attractive because it does not
assume a specific distribution shape and can therefore capture
complex, non-Gaussian behavior.

However, in practice, this method is too computationally ex-
pensive for real-time use. Since the envelope must be updated
continuously during operation, running a sufficient number
of simulations to obtain stable estimates is not feasible. As
shown empirically in Section VI-A, the required number of
samples leads to unacceptable latency. For this reason, we
instead use the Unscented Transform (UT), which provides an
analytical approximation of uncertainty under the assumption
that it follows a Gaussian distribution.

A. Modeling of Environmental Disturbances

To compute the mean trajectory and the corresponding
sigma-bands, we separate disturbances in the physics model
into two categories based on their characteristics.

Fully deterministic. As described in Section III-C, we
treat slip, motor variation, wheel radius variation, and slope
bias as deterministic effects. These are modeled using func-
tions whose future values are known exactly at the time of



prediction. For instance, motor and wheel radius variations
are represented as fixed-frequency sine waves that can be
evaluated directly at any future timestep. The slope bias
depends only on the terrain gradient and the rover’s heading,
both of which are known in advance.

Slip is also treated as deterministic in this formulation.
Given the current speed and terrain roughness, it produces
a symmetric reduction in wheel speed that can be computed
exactly. Since all of these effects can be determined for future
timesteps without uncertainty, they are not treated as stochastic
terms. Instead, they are directly incorporated into the mean
wheel velocity.

Temporally correlated. The remaining disturbances,
namely encoder noise and vibration noise, are treated as
stochastic. As discussed in Section III-C, they are modeled
using Perlin noise fields, meaning their exact future values
cannot be predicted. Unlike white noise, Perlin noise is smooth
over time, so consecutive values are correlated rather than
independent.

To model this temporal correlation in a tractable way, we
use a first-order Gauss-Markov process. This is a natural
choice because it captures temporal dependence through an
exponentially decaying influence of past values.

B. Forward Propagation

At each update step, the mean trajectory and the sigma-
bands are computed together in a single forward pass through
the sequence of delayed control inputs. First, deterministic
disturbances are applied to the commanded velocities to obtain
the mean wheel velocities v̄L,k and v̄R,k. These values are then
propagated through the differential-drive kinematics to update
the mean pose.

The sigma-bands require tracking how uncertainty evolves
over the lookahead horizon. Because the differential-drive dy-
namics are nonlinear, linearization-based methods such as the
Extended Kalman Filter can introduce errors that accumulate
over time. Instead, the UT represents uncertainty using a small
set of sample points. These points are propagated through
the exact nonlinear motion model, and the resulting outputs
are used to reconstruct the updated mean and covariance.
This approach avoids linearization errors and provides a more
accurate estimate of how uncertainty evolves over time, while
still remaining computationally efficient.

Since vibration and encoder noise cannot be predicted
exactly, their uncertainty must be propagated along with the
kinematic state. For this reason, the four Gauss-Markov noise
states are included directly in the state vector, resulting in a
seven-dimensional representation:

xk =
(
x, z, θ, nvib,L, nvib,R, nenc,L, nenc,R

)
k
.

This formulation allows the UT to propagate both pose and
noise uncertainty in a single step, ensuring that the accumu-
lated effect of temporally correlated disturbances is reflected
in the sigma-bands as the prediction horizon increases.

We maintain a corresponding 7 × 7 covariance matrix Σk.
At each step, it is propagated using the UT by first computing

its Cholesky decomposition, which yields a lower-triangular
matrix Lk such that

Σk = LkL
⊤
k ,

The columns of Lk are then used to construct 2n = 14
symmetric sigma points:

X (i)
k = x̄k ±

√
n (Lk)i, i = 1, . . . , n,

where n = 7 is the state dimension and (Lk)i denotes the i-th
column of Lk.

The standard UT typically includes an additional sigma
point at the mean, resulting in 2n+1 points. In this work, we
use a simplified parameterization with α = 1 and κ = 0, which
sets the scaling parameter λ = α2(n + κ) − n to zero. With
this choice, the central point has zero weight and is omitted,
leaving 2n equally weighted points with Wi =

1
2n .

Each sigma point is then propagated through the nonlinear
differential-drive kinematics, and the updated covariance is
reconstructed as

Σk+1 =

2n∑
i=1

Wi

(
X (i)

k+1 − x̄k+1

)(
X (i)

k+1 − x̄k+1

)⊤
+Qk,

The matrix Qk represents process noise added at each
propagation step. It has two components. First, noise is in-
jected into the vibration and encoder states to prevent their
uncertainty from artificially shrinking over long horizons.
Second, a residual pose-level noise term is included to capture
effects not modeled in the deterministic dynamics, such as
unmodeled slip and small terrain irregularities. This pose-level
term is projected along the rover’s heading and wheelbase,
preserving correlations between x, z, and θ.

After obtaining Σk+1, the lateral uncertainty σlat is com-
puted by projecting the positional covariance onto the lateral
direction vector (sin θk, cos θk)

⊤:

σlat =

√
sin2 θk Σxx + 2 sin θk cos θk Σxz + cos2 θk Σzz,

Finally, the ±1σ, ±2σ and ±3σ bounds are constructed
symmetrically around the mean trajectory along this lateral
direction, forming the Probabilistic Envelope visualized during
teleoperation.

V. PROBABILISTIC ENVELOPE DESIGN

Building upon the probabilistic trajectory data described in
the preceding section, the Probabilistic Envelope visualization
is constructed as a layered, surface-aligned structure compris-
ing a mean trajectory ribbon and up to three nested sigma-
bands.

The mean trajectory represents the expected path over the
lookahead horizon, while the sigma-bands capture the pre-
dicted spread of future robot states across that same horizon,
mainly reflecting left and right deviations around the mean
trajectory.

As illustrated in Figure 1, the sigma-bands are projected
onto the lunar terrain geometry, ensuring spatial coherence
between the predicted envelope and the underlying topography.



The 1σ band corresponds to the region of highest concen-
tration of likely deviations, with the 2σ and 3σ bands en-
compassing progressively less probable, though still physically
plausible, deviations.

(a) Schematic representation of the mean trajectory and sigma-
bands.

(b) Simulation view of Probabilistic Envelope.

Fig. 1: Probabilistic Envelope visualization. (a) Schematic
representation illustrating the robot’s mean trajectory and the
1-, 2-, and 3-sigma confidence bands that define regions
of increasing uncertainty. (b) Simulation view showing the
probabilistic envelope in the robot’s simulation environment,
where color intensity indicates the likelihood of trajectory
deviation from the mean path.

Likelihood is conveyed through two complementary visual
cues: spatial proximity to the mean trajectory and opacity.
Regions of higher opacity indicate higher probability density,
while the decreasing opacity of the outer bands reflects lower-
density, lower-likelihood deviations. The opacity-based encod-
ing is motivated by Seipp et al. [26], who found that opacity-
based encodings can support accurate interpretation of areal
uncertainty, and by Correll et al. [22], who showed that reduc-
ing visual detail in high-uncertainty regions encourages more
cautious decision-making. Together, these cues are intended to
help operators assess both the expected motion and the degree
of uncertainty along the predicted path.

As the operator maintains a forward velocity command,
the Probabilistic Envelope extends dynamically across the
full prediction horizon, up to the limit imposed by the fixed
communication delay.

VI. TECHNICAL EVALUATION

To technically evaluate the proposed Probabilistic Envelope,
we tested its computational performance and predictive cal-
ibration within the UNITE simulator. Because the primary
goals of the envelope are to operate in real-time and to produce
calibrated uncertainty bounds under simulated disturbances,
our evaluation focuses on two metrics: (1) computational
efficiency, and (2) predictive accuracy. All tests were con-
ducted over a simulated 2.56 s communication delay, using
a Lenovo ThinkBook 15 G3 ACL equipped with an AMD
Ryzen 7 processor, 16 GB of RAM, and an AMD Radeon
GPU, running Windows 11. Operator input was provided via
a Logitech G413 TKL SE keyboard. The UNITE simulator
was developed and executed in Unity 6000.0.45f1, running
at a fixed physics update rate of 50 Hz and rendered at 120
FPS, with all commands streamed in real time subject to the
imposed communication delay.

A. Computational Efficiency

The main motivation for adopting the Unscented Transform
(UT) over Monte Carlo (MC) rollouts was real-time feasibility.
MC was still included because it provides a straightforward
way to model non-Gaussian uncertainty without relying on
Gaussian assumptions. To evaluate both approaches, we bench-
marked the execution time required to compute the lookahead
envelope on a per-frame basis.

In the MC approach, the algorithm iterates over all inputs
stored in the delayed command queue. For each input, a set
of simulated trajectories is propagated forward in time. All
samples start from the same initial state but evolve differently
due to stochastic perturbations, which are decorrelated using
unique Perlin-noise offsets per sample. This allows the method
to avoid Gaussian assumptions and produce a trajectory dis-
tribution that better reflects the variability of the underlying
dynamics.

At each prediction step, the lateral deviation of each sample
is computed by projecting its displacement onto the lateral axis
defined by the mean heading. These deviations are then sorted
to form an empirical distribution, from which percentile-
based bounds are extracted. The inner band corresponds to
the 25th–75th percentiles (50% of samples), the middle band
to the 5th–95th percentiles (90% of samples), and the outer
band to the 1st–99th percentiles (98% of samples). These
percentile offsets are then mapped back into spatial coordinates
to construct the final envelope boundaries.

Both methods were evaluated under controlled conditions.
The simulator generated predictions over 500 frames, each
using a horizon of 128 input steps determined by the com-
munication delay and the physics update rate. For the MC
method, the computation was repeated with different numbers
of samples to study how runtime scales with trajectory count.



The experiments were conducted under three physics pro-
files representing a lunar-like rough surface, a smooth flat
surface, and loose sand. Each profile captures a different
operating regime relevant to off-road rover dynamics. The
parameter configurations are listed in Table I.

Parameter Moon Flat Surface Loose Sand
Roughness 0.7 0.2 0.5
Wheel slip 0.15 0.1 0.35
Motor response variation 0.05 0.02 0.08
Wheel radius variation 0.02 0.01 0.05
Encoder noise 0.04 0.005 0.06
Vibration intensity 0.08 0.02 0.05
Vibration frequency 3 Hz 1 Hz 2 Hz

TABLE I: Physics profile parameters used in the computational
efficiency benchmark.

Figures 2 and 3 compare elapsed time across physics
profiles and methods. The red dashed line indicates the 8.33
ms per-frame budget at 120 FPS, which must accommodate
rendering, physics, input handling, and envelope computation.
Exceeding this budget by the envelope alone makes frame
drops unavoidable, while staying below it does not guarantee
real-time performance due to other Unity overhead.

The UT method averages 800 µs per frame across all
physics profiles, whereas MC ranges from 10 ms (100
samples) to 63 ms (550 samples), exceeding the frame budget
in all configurations. UT remains below the threshold in nearly
all cases, with only three outliers slightly above it.

Fig. 2: Comparison of elapsed computation time for different
physics profiles and uncertainty propagation methods. Bars
show mean elapsed time (in milliseconds) for the Unscented
Transform (UT) and Monte Carlo (MC) methods with varying
sample counts (100, 250, 400, 550) across three physics
profiles: Moon, FlatSurface, and LooseSand. The red dashed
line indicates the frame-time budget ( 8ms).

Fig. 3: Distribution of elapsed computation times for different
uncertainty-propagation methods. Box plots show the spread
of elapsed times (in milliseconds) for the Unscented Transform
(UT) and Monte Carlo (MC) methods with varying sample
counts (100, 250, 400, 550). The red dashed line marks the
frame-time budget ( 8ms).

Figure 4 shows that elapsed time scales linearly with sample
count across all physics profiles. The Moon profile incurs
a consistently higher cost than FlatSurface and LooseSand,
a difference that grows from approximately 1.5 ms at 100
samples to 10 ms at 550 samples.

Fig. 4: Elapsed computation time versus sample count for
different physics profiles. Lines represent the mean elapsed
time (in milliseconds) for the Moon, FlatSurface, and Loos-
eSand profiles as the number of Monte Carlo (MC) samples
increases.

B. Predictive Calibration and Containment

To verify that the predicted uncertainty envelopes accurately
reflect the physical disturbances present in the simulator, we
evaluate the containment rate of the Probabilistic Envelope. If
the probabilistic model is well calibrated, the robot’s actual
trajectory should fall within the 1σ boundary approximately
68% of the time, within the 2σ boundary approximately 95%,
and within the 3σ boundary approximately 99.7% of the time,



consistent with the expected containment probabilities of a
Gaussian distribution.

To evaluate containment, three quantities were logged at
each simulation frame. First, the robot’s actual position in
world space. Second, the predicted mean trajectory produced
at that frame, storing the expected (x, z) position for each step
in the prediction horizon alongside the originating frame index
and the corresponding target frame index. Finally, the left and
right boundary points of the 1σ, 2σ, and 3σ sigma-bands were
recorded for each horizon step as (x, z) pairs, each associated
with its from-frame and target-frame indices.

The experiment used the moon physics preset designed
to reproduce key disturbance characteristics of low-gravity,
irregular terrain. The corresponding physics parameters are
listed in Table II.

Parameter Value
Roughness 0.7
Wheel slip 0.15
Motor response variation 0.05
Wheel radius variation 0.02
Encoder noise 0.04
Vibration intensity 0.08
Vibration frequency 3 Hz

TABLE II: Physics preset parameters used in the containment
evaluation.

The robot was driven manually along a single constrained
path, since the terrain geometry allowed no alternative routes.
The trajectory covered 15.05 m over 167.8 s.

The predictive behavior of the mean trajectory is illustrated
in Figure 5a. At each frame, the model generates a full forward
prediction from the robot’s current state independently, without
using any temporal memory of previous predictions. To keep
the visualization readable, 100 frames are uniformly sampled
from the recorded sequence.

For each sampled frame, the predicted mean positions over
the horizon are connected to form a short trajectory segment
starting from the robot’s actual position at that frame. When
placed along the full trajectory, these segments show how
the model’s predictions evolve as new observations become
available. Segments that closely follow the actual trajectory
indicate accurate mean predictions, while segments that de-
viate highlight regions where prediction reliability decreases.
As shown in Figure 5a, the predicted segments remain closely
aligned with the robot’s trajectory throughout the run.

While the mean trajectory captures expected motion, it does
not provide information about uncertainty. Figure 5b therefore
evaluates whether the robot’s actual position lies within the 3σ
bounds of the Probabilistic Envelope at each frame. For each
prediction, a lateral containment test is performed: the robot’s
actual position is projected onto the lateral axis defined by the
predicted mean and the left 1σ boundary, producing a signed
lateral displacement relative to the predicted mean.

A frame is marked green if at least 95% of the predictions
reaching that frame contain the robot within the corresponding
3σ lateral interval, and red otherwise. As shown in Figure 5b,
the trajectory is mostly green, with a short red section near
the end of the run.

To quantify these results, Table III reports containment
rates for the 1σ, 2σ, and 3σ bands. Since a new predic-
tion is generated at every frame and each prediction spans
multiple future horizon steps, the evaluation produces a large
number of prediction-observation pairs obtained by merging
actual positions, mean predictions, and sigma envelopes across
matching frame–horizon indices. For each pair, the robot’s
actual future position is expressed relative to the predicted
mean and projected onto a locally defined lateral axis derived
from the 1σ boundary geometry. The containment test is then
performed by computing the signed lateral offset of the actual
position with respect to the mean and checking whether it lies
between the projected left and right sigma bounds for each
confidence level. The containment rate is computed as the
fraction of pairs where this offset lies within the corresponding
1σ, 2σ, and 3σ intervals.

Sigma Result Expected

1σ 80.41% 68%
2σ 97.69% 95%
3σ 99.28% 99.7%

TABLE III: Comparison of empirical sigma-level coverage
with theoretical Gaussian expectations.

The 1σ and 2σ containment rates exceed their theoretical
Gaussian expectations, with observed rates of 80.41% against
an expected 68.27% for 1σ, and 97.69% against an expected
95.45% for 2σ. The 3σ containment rate of 99.28% falls
marginally below the theoretical value of 99.73%.

VII. DISCUSSION AND FUTURE WORK

The computational performance results show that the UT is
significantly more efficient for real-time use. On average, UT
is 9.2 ms faster than the MC method at 100 samples, and 62.2
ms faster at 550 samples. While these differences may seem
small in isolation, they become important when compared to
the 8.33 ms frame budget required for 120 frames per second.

The MC method requires a relatively large number of
samples to produce a sufficiently expressive approximation of
the probability distribution. However, its computational cost
increases linearly with the number of samples, as shown in
Figure 4. This creates a clear trade-off: increasing the sample
count improves the quality of the uncertainty representation,
but makes real-time performance difficult or impossible to
achieve.

In addition, the physics profile affects computation time.
The lunar profile is consistently the most expensive due
to higher terrain roughness, which triggers additional noise-
related computations. In contrast, the smooth and sandy pro-
files show lower and more similar runtimes.



(a) Mean fans and actual trajectory.

(b) Robot trajectory containment within the Probabilistic Envelope.

Fig. 5: Trajectory analysis with respect to the probabilistic envelope. (a) Comparison of the robot’s actual trajectory with the
estimated mean trajectory sampled over 100 frames uniformly, with start and end positions marked by open and filled circles.
(b) Classification of trajectory segments as inside (green) or outside (red) the probabilistic envelope, highlighting deviations
beyond predicted uncertainty bounds.

The containment analysis shows an overestimation at the
1σ and 2σ bands, but a slight underestimation at the 3σ
band, which is consistent with Figure 5b, which shows the
robot leaving the 3σ band at the end of the trajectory.
The overestimation at the inner bands occurs because the
UT accumulates process noise additively at every prediction
step, causing the predicted bands to grow wider and wider
the further ahead you look. The actual robot is physically
constrained and cannot deviate arbitrarily far from the mean
path, so in practice the true spread grows more slowly than
the model predicts. This means more actual positions fall
inside the inner bands than a Gaussian would expect. The
underestimation at 3σ has a different cause. In the simulation,
noise is applied multiplicatively to the wheel velocities. This
could occasionally produce sudden large deviations that are
larger than the model would estimate.

The 3σ band escape seen at the end of the trajectory occur
because the rover was driven closer to steep terrain edges
during that portion of the experiment run, causing larger
deviations than those encountered during the rest of the run.

The probabilistic envelope, was unable to capture this more
rare worst-case scenario.

The containment analysis shows that the uncertainty is over-
estimated at the 1σ and 2σ levels, but slightly underestimated
at the 3σ level. This is consistent with Figure 5b, which shows
the robot leaving the 3σ envelope near the end of the trajectory.

The overestimation in the inner bands can be explained by a
mismatch between the uncertainty model used by the UT and
the actual robot dynamics. The UT propagates sigma points
through the motion model without considering physical limits.
In contrast, the simulated robot clamps wheel velocities to a
maximum value at every timestep, representing the physical
limits of the motors. As a result, disturbances that would cause
wheel speeds to exceed this limit are effectively absorbed
by the clamp and do not affect the robot’s motion. The
UT, however, still considers these larger deviations possible,
causing it to predict a wider spread of trajectories than is
observed in practice.

The slight underestimation at the 3σ level has a different
cause. In the simulation, noise is applied multiplicatively to



the wheel velocities, which can occasionally produce large
deviations that are not fully captured by the Gaussian approx-
imation. These rare events can lead to outcomes beyond the
3σ bound.

This effect is particularly visible near the end of the exper-
iment in Figure 5b, where the rover is driven closer to steep
terrain edges than during the rest of the run. This leads to
larger-than-usual deviations, causing the robot to leave the 3σ
envelope. As a result, the probabilistic envelope does not fully
capture these rare worst-case conditions.

The mean trajectory also demonstrates strong predictive
accuracy. As shown in Figure 5a, the predicted mean path
remains closely aligned with the robot’s actual trajectory
throughout the experiment. In some regions, the predicted
segments do not perfectly match the robot’s subsequent mo-
tion. One possible explanation is that the operator used the
predictive information to make corrective steering adjustments
during teleoperation. Since the mean trajectory indicates the
robot’s most likely future motion, deviations caused by en-
vironmental disturbances become visible before they occur.
This allows the operator to anticipate drift and apply corrective
inputs, helping keep the robot closer to the intended path.

Several limitations should be acknowledged. First, the eval-
uation was conducted entirely within the UNITE simulation
environment. Although the simulator includes realistic com-
munication delays and terrain-dependent disturbances, simu-
lated physics cannot fully capture the variability, sensor noise,
and mechanical interactions present in real-world robotic sys-
tems.

In addition, this work does not include a human-subject
evaluation. While the Probabilistic Envelope was designed to
improve the communication of uncertainty and support oper-
ator decision-making, its effect on operator performance has
not yet been experimentally validated. In particular, it remains
unclear how the visualization influences situational awareness,
trust, cognitive workload, and overall task performance during
delayed teleoperation. It is also unknown how operators would
use and interpret the visualization during extended or high-
pressure tasks.

These limitations provide several directions for future work.
Most importantly, the proposed visualization should be evalu-
ated through controlled user studies to determine its impact
on operator behavior, decision-making, cognitive workload,
and task performance under communication delay. In addition,
future research should investigate how the method performs on
physical robotic platforms, where real-world disturbances and
sensing imperfections may affect the accuracy of the predicted
uncertainty bounds.

CONCLUSION

The challenges of delayed teleoperation extend beyond the
communication delay itself. Operators must also deal with
uncertainty caused by environmental variability, which makes
it more difficult to predict the robot’s future state. In this work,
we investigated how communication delays and environmental
disturbances affect the prediction of future robot motion. To

address this problem, the different sources of uncertainty were
separated into deterministic and temporally correlated compo-
nents, allowing their effects to be modeled and propagated
over the prediction horizon.

Based on this framework, the Probabilistic Envelope was
developed to visualize future robot states as a probability
distribution rather than a single trajectory or worst-case bound.
The visualization displays the predicted mean trajectory to-
gether with sigma-bands that represent the expected growth
of uncertainty over time. The inner bands indicate the most
likely deviations, while the outer bands capture less likely but
still plausible deviations.

The evaluation showed that the Unscented Transform pro-
vides a computationally efficient way to generate these pre-
dictions in real time. The predicted mean trajectory remained
closely aligned with the robot’s actual path throughout the ex-
periment, demonstrating good predictive accuracy. The results
also showed that the uncertainty bounds tend to overestimate
the spread of the robot’s motion at the 1σ and 2σ levels,
while slightly underestimating it at the 3σ level. Overall, the
findings suggest that the proposed approach can effectively
communicate the expected trajectory while remaining suitable
for real-time teleoperation, despite a tendency to overestimate
uncertainty.

Beyond the technical outcomes, the development of the
Probabilistic Envelope proved to be a demanding process
due to limited existing knowledge on applying probability
theory in robotics, as well as challenges in modeling physics
in general. These constraints made it difficult to identify a
method that was both appropriate and computationally efficient
for representing environmental uncertainty in a probabilistic
manner. While the approach ultimately adopted may not be the
most optimal, it nevertheless serves as an initial step toward
communicating uncertainty to the operator in a probabilistic
form.
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