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Trajectory Prediction-Based Adaptive Takeover
Method for Mobile Robot Teleoperation
Systems With Communication Delays

Ruoshan Wang", Pengfei Li*, Yun-Sheng Zhao", Yun-Bo Zhao", and Yu Kang", Senior Member, IEEE

Abstract—As a typical application of the Internet of Things
(IoT), mobile robot teleoperation systems play a crucial role
in dangerous tasks or special scenarios. The passive takeover
mechanism provides effective safety assurance for such systems,
relying on a takeover request (TOR) generator to issue warnings
and an authority transfer controller to manage control handover.
However, variable communication delays can degrade the safety
and smoothness of the passive takeover process. To address
this issue, we propose a trajectory prediction-based adaptive
takeover method that redesigns both the TOR generator and the
authority transfer controller. The TOR generator issues early
warnings based on the predicted robot trajectory in autonomous
control mode. The authority transfer controller uses the control
input that tracks the predicted human-intended trajectory as
a reconstruction of the delayed human input, and adaptively
adjusts the weights between the autonomous input and the
reconstructed human input based on the risk indicator and the
delay impact level. The effectiveness of the proposed method is
validated through the human-in-the-loop simulation. The results
show that our method ensures better safety and smoothness in
the takeover process compared to other methods.

Index Terms—Authority transfer, communication delay, mobile
robot, takeover, teleoperation.

I. INTRODUCTION

ITH the rapid advancement of Internet of Things (IoT)

technology, mobile robot teleoperation systems have
been extensively deployed across various domains, including
remote vehicle operations [1], exploration [2], and rescue
missions [3], [4]. In traditional leader—follower teleopera-
tion systems, the robot passively executes human commands,
requiring continuous operator involvement and imposing a
substantial burden [5]. Advances in artificial intelligence and
automation have increased the autonomy of mobile robots,
relieving human operators from continuous control. However,
achieving full autonomy remains challenging due to envi-
ronmental complexity and limited algorithm generalization
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[6]. Consequently, ensuring safety in the presence of mobile
robot autonomy has become a central issue in mobile robot
teleoperation systems.

To address safety concerns, a passive takeover mecha-
nism initiated by the robot proves effective [7], enabling
human operators to assume control from the robot in scenar-
ios exceeding its autonomous capabilities. This mechanism
necessitates robotic platforms equipped with autonomous
decision-making capabilities. When the autonomous control
system detects situations beyond its capabilities, it generates a
takeover request (TOR) to alert human operators. Subsequent
successful human response triggers an authority transfer proto-
col, transferring control from autonomous operation to human
teleoperation. With the growing prevalence of robots with
limited autonomous intelligence, the design of such takeover
mechanisms becomes increasingly important.

Typical passive takeover architectures comprise two core
components: the TOR generator and the authority transfer
controller. The key challenge for the TOR generator lies
in determining the appropriate timing for issuing warnings,
with current implementations typically adopting predictive
or reactive strategies. Predictive approaches issue warnings
based on predefined boundaries of autonomous capabilities
[8], [9], while reactive strategies consider the time required
for humans to prepare for takeover [10], [11]. The authority
transfer controller determines how control is handed over
to the human operator. Immediate binary switching upon
human input detection, though straightforward, often compro-
mises the smoothness of robot operation [12], [13]. Emerging
solutions employ progressive authority transfer architectures
that dynamically allocate control through weighted integra-
tion of human and robot inputs, effectively balancing safety
requirements with operational smoothness. Current research
advancements in this domain demonstrate improved system
performance through multidimensional considerations, includ-
ing conflict resolution [13], [14], risk assessments [15], [16],
and situation awareness metrics [15], [17].

However, communication network delays, particularly vari-
able ones, present significant challenges to the passive takeover
in mobile robot teleoperation systems. Prior research has only
given this factor limited attention. These challenges can be
categorized into two main aspects. First, traditional TOR gen-
erator designs may fail to account for communication delays,
preventing timely human takeover and thus compromising
system safety. Second, variable communication delays can
undermine the performance of traditional authority transfer
controllers by causing human control inputs to reflect past

2327-4662 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on July 03,2026 at 23:22:10 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0000-0912-6273
https://orcid.org/0000-0002-6138-6686
https://orcid.org/0009-0005-1867-9423
https://orcid.org/0000-0002-3684-5297
https://orcid.org/0000-0002-8706-3252

28634

rather than current conditions of the robot [18], [19]. This
temporal mismatch increases cognitive workload, hindering
the operator’s ability to take over control swiftly and effec-
tively, thus resulting in unstable operation and posing safety
risks [20], [21].

To address the above challenges, we propose a trajectory
prediction-based adaptive takeover method, which redesigns
both the TOR generator and the authority transfer controller.
Specifically, the TOR generator predicts the mobile robot’s
future trajectory in autonomous control mode to issue early
warnings. The authority transfer controller predicts the trajec-
tory of the mobile robot that reflects human intent, reconstructs
the delayed human input into the control input that tracks the
human-intended trajectory, and adaptively adjusts the weights
between the autonomous input and the reconstructed human
input based on the risk indicator and the delay impact level.

Our main contributions are summarized as follows.

1) A new remote passive takeover framework has been
proposed, which is capable of compensating for the
impact of variable communication delays to ensure the
safety and smoothness of the takeover process.

2) A trajectory-prediction-based TOR generation mech-
anism has been designed that anticipates takeover
demands under autonomous control mode and issues
early warnings to the human operator despite com-
munication delays, a critical factor overlooked in [10]
and [11].

3) An adaptive authority transfer mechanism has been
developed, which, compared with existing strategies
[14], [15], can address the temporal mismatch between
human and robot by replacing human inputs impacted
by delay with reconstructed ones, while accounting for
the delay-induced increase in cognitive workload when
determining how to transfer authority.

The remainder of this article is organized as follows.
Section II provides the problem statement. Section III
describes the details of our method. The experimental pro-
cesses and results are shown in Section IV. Finally, Section V
concludes this article.

II. PROBLEM FORMULATION

The passive takeover framework for mobile robot teleoper-
ation systems is illustrated in Fig. 1. It is composed of four
essential components: a mobile robot, an onboard autonomous
controller, an onboard passive takeover module, and a remote
human operator. The information exchange between the human
operator and the mobile robot occurs through communica-
tion networks, forming the human control loop. Onboard
data transmission between the autonomous controller and the
mobile robot forms the autonomous control loop. Detailed
descriptions of each component are provided below.

A. Robot Model

The evolution of the mobile robot is described by the
following discrete-time model:

x(k+1) = fx(k),uk) (D
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Fig. 1. Passive takeover framework for mobile robot teleoperation systems.
The TOR generator issues a signal a(k) based on the sensing data s(k) to warn
the human operator. The authority transfer controller generates the hybrid
input u(k) based on the autonomous input u,(k) and the delayed human input
up(k — 11(k)), thereby transferring control authority from robot to human.

where x(k) € X € R” represents the robot state, u(k) € U C R™
is the control input, X and U are the constraint sets for the
robot state and the control input, respectively, and k denotes
the index of the discrete-time step.

Remark 1: The system in (1) represents a commonly used
general form for modeling the evolution of mobile robots [22],
[23]. The specific form of the model depends on the type of
mobile robot. For instance, wheeled robots are often described
using the bicycle model [24] or differential drive kinematics
[25], whereas six degrees-of-freedom dynamic systems are
suitable for modeling aerial robots [26].

B. Autonomous Controller

The autonomous controller is capable of independently
operating the mobile robot in most task scenarios. Specifically,
it extracts the robot state x(k) and environmental state v(k)
from sensing data s(k). The robot state x(k) represents the
mobile robot’s intrinsic characteristics, such as velocity and
position. The environmental state v(k) describes the robot’s
surroundings, such as obstacle locations and road distributions.
Subsequently, the controller generates autonomous inputs
uy(k) based on x(k) and v(k). In conclusion, the autonomous
controller can be expressed by the following equation:

[x (k) ,v (k)] = g (s (k) 2
uq (k) = 7 (x (k) v (k) 3)

where g and 7 can be interpreted as the state estimation law
and the control law, respectively.

Note that the design of g depends on the type of information
contained in s(k). For example, when s(k) represents data
such as position, velocity, or acceleration, g is generally
formulated as a simple linear mapping. In contrast, when
s(k) encompasses multimodal information, such as images or
audio, g takes the form of a complex nonlinear mapping, often
constructed using deep neural networks [27]. The control law
m can be designed through traditional model-driven control
techniques, including optimal control [28] and model predic-
tive control (MPC) [29], or through intelligent data-driven
approaches, such as reinforcement learning [30].
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C. Communication Network

The communication network serves as the medium for
exchanging both sensing data and control inputs between the
human and the mobile robot. The communication network
consists of two channels. One channel is responsible for
transmitting human inputs to the mobile robot. The time delay
of this channel is defined as the control delay, denoted as 7 (k).
The other channel is in charge of delivering the sensing data to
the human operator. The time delay of this channel is defined
as the feedback delay, denoted as (k). 71(k) and 7,(k) satisfy
the following commonly adopted assumption [31], [32].

Assumption 1: The control delays 7;(k) and feedback delays
T,(k) are time-varying and satisfy 0 < 7,(k) < Ty, 0 < 1p(k) <
T, Vk e Z.

D. Passive Takeover Module

When a mobile robot encounters intractable situations in
autonomous control mode, it is necessary to issue warnings
and transfer control authority to the human operator, referred
to as passive takeover [7]. We define an admissible set S for
the robot—environment system state tuple (x(k),v(k)), which
characterizes the conditions under which the robot can safely
and autonomously perform tasks

S={xv) | pxk),vk) <&} 4)

where p(x(k),v(k)) serves as a risk indicator that quantifies
the potential threat to the autonomous controller’s ability to
accomplish the task. The takeover demand threshold & defines
the boundary within which the autonomous controller can
maintain safe and independent control. A human takeover
becomes necessary once (x(k), v(k)) € S.

Remark 2: The definition of p(x(k),v(k)) has been exten-
sively discussed in previous research. In [33], p(x(k),v(k))
was regarded as a driving risk potential determined by the
consequences of the event and its probability of occurring.
Chiu et al. [34] associated p(x(k),v(k)) with environmental
threats and the internal state of the robot. In [35], p(x(k), v(k))
was defined in relation to the failure occurrence frequency,
duration, the severity of harm, and influence on the availability.
The passive takeover module depends on two components: the
TOR generator and the authority transfer controller. A detailed
description of these two modules follows.

Typically, TOR is generated only when a takeover is
required. For mathematical convenience, the TOR generator
is assumed to produce the TOR signal a(k) € {0,1} at
every time step. 1 and O denote the issuance and absence
of a warning, respectively. Given that communication delays
introduce additional time for the transmission of a(k) and
human inputs, it is imperative to properly design the a(k)
generation mechanism.

The authority transfer controller dynamically determines
the allocation of control authority between the robot and
the human operator, and generates a hybrid control input
accordingly. A typical authority transfer controller can be
described in the form of a linear weighting function [36]

u (k) = A(k) uq (k) + (1 = A (k) uy, (k) (&)
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Fig. 2. Trajectory prediction-based adaptive takeover framework. The TOR
generator predicts the future trajectory of the mobile robot in autonomous
mode and then triggers a proactive warning. The authority transfer controller
reconstructs the delayed human input u;(k — 71(k)) as u;(k) via intended
trajectory tracking, and then allocates control authority between u; (k) and
g (k).

where u(k) represents the hybrid input. A(k) reflects the adjust-
ment of control weight, which is a function that gradually
decays from 1 to 0. In particular, when A(k) is a step function
jumping from 1 to 0, it indicates that the authority transfer is
not gradual but occurs through a direct switch.

However, due to communication delays, the human input
up(k — 71(k)) received by the mobile robot lags behind the real-
time sensing data s(k). Accordingly, in the passive takeover
of mobile robot teleoperation systems, the authority transfer
controller adopts a more targeted formulation

u (k) = h(A(k),uq (k) , up (k — 7 (k))) (6)

where h represents a mechanism to generate the hybrid input
u(k). As A(k) gradually decreases from 1 to 0, wu(k) will
change from being fully determined by u,(k) to being entirely
independent of it. Considering that communication delays pose
unique challenges to the safety and smoothness of the takeover
process, both 4 and & need to be carefully designed.

In summary, our objective is to design the TOR generator
and the authority transfer controller (the weight adjustment
mechanism A and the hybrid input generation mechanism #),
so that the passive takeover can still maintain safety and
smoothness in the presence of two-channel communication
delays 7(k) and 7,(k).

III. TRAJECTORY PREDICTION-BASED ADAPTIVE
TAKEOVER METHOD

A trajectory prediction-based adaptive takeover framework
is proposed to compensate for communication delays, as
shown in Fig. 2. The framework is architected around the TOR
generator and the authority transfer controller. Sections III-A
and III-B provide a detailed description of them.

A. Design of the TOR Generator

To compensate for the additional delays in transmitting
a(k) and uy(k), it is essential to anticipate potential takeover
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demands and issue warnings in advance. Based on the robot
model defined in (1) and the autonomous control law in
(3), we perform a forward-looking prediction of the mobile
robot’s future trajectory in autonomous mode. The predicted
trajectory is denoted as X(k) = [x;(k),...,x;(k),...,xr(k)],
and is recursively computed as follows:

xi(k) = f(xio (), uig (K)), i=1,...,T
u(k)=n(x;k),vk), i=1,...,T @)

where variables xo(k), ug(k), and v(k) denote the actual robot
state, autonomous input, and environmental state at step k,
respectively. We approximate the environmental state at each
step within the prediction horizon by maintaining v(k) con-
stant. The prediction horizon T is defined as the upper bound
of the total delay, that is, T =T + T>».

Subsequently, we calculate the risk indicator p(x;(k), v(k))
for each predicted robot state x;(k) and environment state v(k).
If there is a predicted step at which the corresponding state
tuple (x(k),v(k)) violates the constraints of set S in (4), a
warning will be issued. The specific mechanism for generating
a(k) is as follows:

I, dief{l,....T},(xi k), v(k) ¢S
a(k) = . ®)
0. Viell,...,T},(xi(k), v(k) €S.

The proposed TOR generator assumes a static surrounding
environment within the prediction horizon. This assumption is
reasonable for low-delay scenarios with limited environmental
dynamics. However, under highly dynamic conditions, this
approximation may lead to overly conservative or missed TOR
triggers. Future work will consider incorporating dynamic
environment uncertainty modeling into the design framework
of the TOR generator.

B. Design of the Authority Transfer Controller

To compensate for communication delays, the design of
the authority transfer controller is divided into two processes:
human input reconstruction and authority allocation. The fol-
lowing sections provide detailed descriptions of them.

1) Human Input Reconstruction: Due to communication
delays, the human inputs received by the mobile robot often
lag behind the actual sensing data. If the authority transfer
controller directly uses these delayed human inputs, the perfor-
mance of the takeover process may be significantly degraded.
Inspired by the work in [37], we predict the human-intended
trajectory for the mobile robot and reconstruct the human
inputs by tracking this predicted trajectory to compensate for
delays. The reconstruction process is described in detail below.

First, we construct a historical dataset on the robot side
to store human inputs and sensing data. For convenience, we
denote the human input and sensing data stored at index k of
the historical dataset as ul (k) and s (k), respectively.

As shown in Fig. 3, when the robot perceives the sensing
data s(k) at time step k, it is directly stored in the histori-
cal dataset entry with the corresponding timestamp. Due to
communication delays, the robot receives the human input
up(k — 71(k)) at time step k. We denote the sensing data actually
observed by the human operator when issuing u,(k — 7;(k))

IEEE INTERNET OF THINGS JOURNAL, VOL. 13, NO. 13, 1 JULY 2026
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corresponding u,f’ is empty).
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Fig. 4. Data flow at time step k — 71(k).

as s(k—7(k)), and store u;(k — 71(k)) in the entry aligned with
stk — 7(k)).

We replace k in Fig. 1 with k — 7,(k), resulting in Fig. 4,
which demonstrates that the sensing data perceived by the
human when issuing u,(k — 71(k)) is stk — 71(k) — T2(k —
71(k))), where 1o(k — 71(k)) is the feedback delay at time step
k — 711(k). Therefore, the following relationships hold:

st (k) = s (k)
upl (k=7 (k) = uy (k — 71 (k)
7(k) = 71 (k) + 72 (k — 71 (k). 9)

The historical dataset continuously receives new sensing
data and human inputs. Considering the storage constraints, we
set a predefined storage limit for the dataset. Once the dataset
reaches this limit, the system adopts a first-in, first-out strategy
to remove older data and add the latest data, as the subsequent
trajectory prediction module relies only on relatively recent
data within a fixed-length sliding window.

Second, we extract the sequence of human inputs U(k) and
the sequence of sensing data S(k) from the historical dataset
using a sliding window of fixed length W. These sequences
are explicitly defined as follows:

U k) = [uff (00, uf e+ Doy (e + W= 1)]
Sk =[s" ), s" @+ 1),....s" G+ W-1)]

(10)
(11

where #, and 7, + W — 1 denote the starting and ending
timestamps of the sliding window at step k, respectively.

It is worth noting that the sliding window lacks sufficient
historical human inputs during the takeover initiation phase.
In addition, variations in communication delay may lead to
packet reordering, which can also result in data missing.

To facilitate the handling of such missing data, we introduce
a buffering and reordering module on the side of the human
operator. This module presents the sensing data to the human
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Fig. 5. Fill-and-trigger mechanism for the sliding window: 1) filling the
missing human inputs based on autonomous inputs. The sliding window
movement is not triggered because the next human input is empty and 2) the
sliding window movement is triggered based on (13) and (14).

operator in a temporally aligned form, s(f — 7). In other
words, the feedback delay 7,(k) is uniformly extended to a
fixed value T,. As a result, only the problem of missing human
inputs needs to be handled.

To address the aforementioned issue, we propose a fill-and-
trigger mechanism for the sliding window, as illustrated in
Fig. 5. We define u;(t;y + i) = 0 to indicate the absence
of human input at timestamp #; + i. The first human input
recorded in the historical dataset is denoted by uhH (ty), which
divides the dataset into two segments. The earlier segment
corresponds to the period before the initiation of the takeover.
Since the autonomous controller typically maintains stable
performance before takeover, the autonomous inputs during
this period can be regarded as approaching human intent.
Consequently, we fill the missing values in this segment with
the corresponding autonomous inputs

y (to — 1) = ug (to ~ ). (12)

In contrast, the missing human inputs in the latter seg-
ment are primarily caused by packet reordering. Rather than
applying input filling, we introduce a triggering mechanism
to advance the sliding window. The event-triggering function
¢(k) and the window update rule #;; are defined as follows:

1, ifull (e +i)#0 Vie{0,1,...,W)

¢ (k) = h (13)
0, otherwise
tw+D, ¢k =1

fkr1 =
Ik, ¢(k)=0

D:max{dEN | uhH(tk+W—1—|—i)¢®
Vie{0,1,....d}}. (14)

According to (13) and (14), assuming that the missing
human inputs preceding ul/(1y) have been filled, the sliding
window is updated as follows: if the next human input in the
window’s forward direction, uf (tx + W), is missing, the sliding
window remains stationary. Conversely, once uhH(tk + W)
becomes nonempty, the window immediately shifts forward
to the position preceding the next missing human input.

This fill-and-trigger mechanism ensures that the extracted
human input sequence U(k) contains no missing entries.
Moreover, based on timestamp alignment, the corresponding
sensing data sequence S(k) can be readily obtained.
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Third, we construct a prediction model to forecast the future
trajectory of the mobile robot that reflects human intent. The
prediction model is built upon a long short-term memory
(LSTM) network, which is widely used for intended trajectory
prediction due to its ability to capture long-term temporal
dependencies. The trajectory prediction task is formulated as
a multistep sequence-to-sequence problem, with the model
adopting an encoder—decoder architecture. The encoder takes
as input the sensing data sequence S(k) and the human
input sequence U(k). The decoder outputs the intended state
sequence Xj,(k) = [xp1(k),...,xni(k), ..., xn5u(k)], where H
denotes the prediction horizon. Considering the necessity to
track the human-intended trajectory for delay compensation,
the prediction horizon is set to be no less than the upper bound
of the total delay, i.e., H>T; + T5.

Finally, we employ MPC to track the predicted human-
intended trajectory. Fig. 6 illustrates the human-intended
trajectory (dashed line) and the mobile robot’s actual trajectory
(solid line). A distinct separation point x; (k) divides the
intended trajectory into a past segment (in red) and a future
segment (in blue), corresponding to an estimate of the mobile
robot’s state at step k. A sequence of intended states, denoted
as X5 = [xns41(k), xps420k), ..., xpu(k)], is generated along
the future segment of the intended trajectory. To track the
sequence X;, the following MPC scheme is employed:

N
e 4) = ngrmin 3 (EICEE ]

+ s RN + lAw; (RNIE)  (152)

sit. xip1 (k) = f (xi (k) , ui (k) (15b)
xi(k)eX (15¢)
u;(k)yeU (15d)

where x(k) represents the robot’s state, and u(k) is the control
input. Equation (15b) describes the dynamics of the mobile
robot. Equations (15¢) and (15d) are hard constraints on the
state and control input. x;,(k) is the intended state on the
predicted trajectory. To improve the smoothness of control,
the cost function includes penalty terms on both the control
input u(k) and its increment Au(k). The weighting matrices Q,
R, and G are diagonal. N denotes the prediction horizon of
the MPC. To ensure a sufficient number of intended states,
the prediction horizon of the intended trajectory is explicitly
defined as

H=T,+T,+N. (16)
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By minimizing the cost function, we obtain the optimal
input sequence u,,(k), whose first element is regarded as the
reconstructed human input u; (k)

Uopr (k) = [ops (KIK) , 1o (k + 11K)
’~~-suopt(k+N_ 1|k)]

up, (k) = ttopy (kI . a7

2) Authority Allocation: The authority allocation module
adaptively adjusts the weights between the autonomous input
uy(k) and the reconstructed human input uj (k)

u (k) = A(k)uq (k) + (1 = A (k) uy, (k) . (18)

To comprehensively consider the smoothness and safety of
the takeover process under communication delays, the weight
adjustment mechanism A(k) is designed as follows:

Ak = sat(A(k— 1) — AA(k)), pxk),vk) <e,
o, px k), v (k) = &,

AA(k) = K (b — D (k)) (19)

where the saturation function sat(x) = min(max(x,0), 1) con-
strains A(k) within [0, 1]. D(k) represents the delay impact
level. g, is the emergency switching threshold, serving as a
hard constraint that forces the autonomous controller to exit
the control loop. K and b represent the authority transfer rate
and the operator’s tolerance to delays, respectively.

The delay impact level D(k) is quantified as the distance
from the starting point of the human-intended trajectory to
the mobile robot’s current position. Increased robot speed
and delay lead to a larger value of D(k). The condition
D(k) < b indicates that the delay impact remains within
the human-tolerable range. The value of g, is related to the
inherent capabilities of the autonomous system and should
satisfy g, > €. Both K and b are positive parameters and are
influenced by individual factors such as skill level and reaction
time. For operators with high skill levels and rapid response
times, higher values of K and b are typically more suitable.

Remark 3: A procedure is proposed to determine the initial
reference values b* and K* for tuning b and K, as follows:

By tracking the intended trajectory, the teleoperation task is
conducted under fixed velocity and delay conditions, which are
gradually increased respectively until the task becomes impos-
sible. Then the corresponding velocity v* and communication
delay 7" are recorded, and b* = v*1*.

By conducting pretests on the given task, we can estimate
the average delay impact level D*. The takeover stabilization
time is defined as the time interval from takeover onset to the
point at which control signal variability decreases substantially
[38]. The average takeover stabilization time of participants
can be estimated from their historical takeover performance
and denoted as T*. Accordingly, K* = 1/(T*(b* — D")).

The study mainly focuses on tasks where the delay impact
remains consistently within the human-tolerable range. As
shown in Fig. 7, in such tasks, the authority transfer process
can be divided into two phases.

1) When p(x(k), v(k)) < &,, the control authority is gradu-
ally and adaptively transferred based on the delay impact
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0 D  Time

Fig. 7. Conceptual diagram of the authority transfer process. AC represents
the progressive transfer phase: AB corresponds to lower D(k), whereas BC
corresponds to higher D(k). CD denotes the switching phase.

Fig. 8. Human-in-the-loop remote driving simulation platform.

level D(k). As D(k) increases, the human cognitive
workload also increases, even with the application of
reconstruction [37]. Therefore, as D(k) grows, the rate
of authority transfer is gradually reduced, thereby facili-
tating the operator’s adaptation to the collaboration with
the mobile robot in authority transfer and improving the
smoothness of the takeover process.

2) When p(x(k),v(k)) > g,, direct switching is used to
promptly remove the autonomous controller to meet
safety requirements.

Let Dy« denote the maximum value of D(k) during author-
ity transfer. In tasks where the delay impact is consistently
tolerable by the human operator, we have AA(k) > K(b —
Diax) > 0. Consequently, even without entering the switching
phase, A(k) converges to zero in finite steps.

For completeness, if D(k) > b, the takeover is immediately
terminated, serving as a redundant safety strategy.

IV. EXPERIMENT

The remote driving system serves as a representative mobile
robot teleoperation system, which is well-suited as an example
to validate the effectiveness of the proposed method.

A. Simulation Platform

As illustrated in Fig. 8, a human-in-the-loop remote driving
simulation platform was developed to evaluate the proposed
method. The vehicle-road system was simulated using the
CARLA simulator, which incorporated an RGB camera to
provide the driver’s perspective of the environment. The
camera, the sensors used to collect human input, and the other
components were all set to operate at a consistent update
frequency of 20 Hz. Driver interaction was facilitated via
a Logitech G29 steering wheel. The TOR was multimodal,
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Fig. 9. Remote takeover scenarios in the experiment.

comprising an auditory signal and a visual message reading
“Please take over!” to alert the driver when takeover was
required. In addition, the virtual communication network was
implemented using two first-in-first-out (FIFO) queues.

B. Delay Design

The generalized extreme value (GEV) distribution is widely
used to model communication delays [1]. The probability
density function of GEV(¢, u, o) is expressed as

1 - -1 ey
(1+6=F) T et

Seropo = p (20)

where x is a random delay variable, £ is the shape parameter,
u is the location parameter, and o is the scale parameter.

In this article, the random control delays and feedback
delays were generated by GEV (¢ = 0.29,u = 0.2, 0 = 0.009)
and GEV (¢ = 0.58, 4 = 0.4, 0 = 0.018), respectively, with the
mean values approximating 0.2 and 0.4 s. It reflects the fact
that feedback delays are typically higher than control delays
due to the larger packet size of image signals.

To satisfy Assumption 1, the upper bounds for control
delays and feedback delays were set to 77 = 0.3 s and
T, = 0.5 s, respectively. Furthermore, continuous delays were
discretized by the system sampling period (0.05 s).

C. Task Design and Procedure

We design two tasks, as shown in Fig. 9. Task A depicts
a battlefield logistics scenario in which an intelligent vehicle
(IV) is assigned to transport supplies to point B. However, a
faulty vehicle (FV) is stalled at a random position 25-35 m
ahead of point B, a situation not anticipated in the IV’s original
design. This unexpected obstacle significantly hinders the IV’s
ability to complete the task autonomously, thereby necessitat-
ing remote human takeover from point A to maneuver around
the obstacle and continue transporting the supplies to point B.

Task B involves an urban remote driving scenario where the
IV follows a pre-planned route to maintain lane-keeping along
the centerline. However, when the IV reaches point A, external
disturbances cause the actual driving trajectory to deviate from
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the planned path, necessitating a remote takeover by a safety
operator in the cloud. The operator then controls the IV to
drive approximately 80 m to point B.

The evolution of the IV in both tasks is modeled using a
bicycle model, formulated as follows:

xp(k+1) =x,(k)+ Tv;cosf (k)
Yok + 1) =y, (k) + Tvsin (k) @
O+1) =00+ " tans k)

where x, and y, denote the position coordinates, 6 is the
heading angle, L is the wheelbase of the vehicle, v; is the
longitudinal velocity, and ¢ is the steering angle. The sampling
period is T = 0.05 s. The robot state and control input are
represented by x = [x,,y,,6] and u = [v;, 6], respectively. To
simplify the experiment, v; is fixed at one of three values: 5, 8,
or 10 m/s, which restricts human takeovers to steering angle
control only.

The risk indicator of Task A is defined as the driving risk
potential P

4000

= 22
d(IV,FV)? 22)

where d(IV, FV) denotes the distance between the IV and the
FV. The takeover demand threshold & is set to 2, while the
emergency switching threshold g, is designated as 10.

The risk indicator of Task B is defined as the minimum
distance between the current position and the planned trajec-
tory. The takeover demand threshold ¢ is set to 0.6, while the
emergency switching threshold g, is designated as 3.

Both Task A and Task B employ an LSTM model with a
Seq2Seq architecture, consisting of two stacked LSTM layers
in the encoder and two stacked LSTM layers in the decoder,
with the hidden state dimension set to 128. The input sequence
length is 40, and the output sequence length is 20. The model
is trained using Adam with an initial learning rate of 0.001
and mean squared error as the loss function.

For Task B, the input consists of 5-D features, including
Xp,Yp, 0, vy, 0. For Task A, the distance between the IV and FV
is further incorporated as an environmental state and treated
as an additional input feature.

The cost function of the MPC for tracking the intended
trajectory is formulated as follows:

4
J = Z [‘11 (xp,i (k) = xZ,s—H' (k))2
i=1

@2 (i O = Y0 (R)

+ 6 (k) + gAS; (k)] (23)

where x (k) and y; (k) denote the x-coordinates and
y-coordinates of the human intended position, respectively.
No strict constraints are imposed on the position states. The
control constraint set U limits the steering angle ¢;(k) to lie
within [-0.5, 0.5] radians. The prediction horizon is set to 4,
and the empirically tuned optimal parameters q;, ¢», r, and g
for different tasks and speeds are summarized in Table I.

To validate our approach, we recruited 12 volunteers (six
male, six female) from multiple age groups, with an average
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TABLE I
KEY PARAMETERS FOR MPC

Task Speed (m/s) q1 q2 r g
5 6 4 1 0.5

Task A 8 5 3 2 2
10 8 4 5 3

5 4 4 2 2

Task B 8 5 5 3 3
10 4 4 6 6

age of 26 years, to participate in the experiment. All partic-
ipants provided informed consent. They were invited to take
over the vehicle in five modes.

1) Mode A: The proposed method.

2) Mode B: The robot generates TOR based on (4) and
switches control authority immediately upon human
input detection.

3) Mode C: The robot generates TOR based on (4) and
adopts a delay-unaware progressive strategy to adjust
control weights [14].

4) Mode D: The robot generates TOR based on (4) and
uses the proposed authority transfer controller.

5) Mode E: The robot adopts the proposed TOR generator
and switches control authority immediately upon human
input detection.

Each participant was required to complete four takeover
tasks at each speed, in each mode, and in each scenario. To
eliminate potential subjective bias toward any specific mode,
the tasks were randomized, and participants were unaware of
the mode used in each task.

D. Evaluation Metrics

The study aims to improve the safety and smoothness of
remote passive takeovers of mobile robots under variable
communication delays. Six evaluation metrics were developed
to systematically assess these two aspects.

The general metrics are as follows.

1) TOR Response Time (TRRT): The TRRT is defined as
follows:

TRRT =t; —t, (24)

where t. denotes the time at which the risk indicator
exceeds the takeover demand threshold &, and ¢/ is when
the robot detects the first human input, marking the
initiation of the authority transfer. A smaller TRRT indi-
cates a quicker human response to the TOR, indirectly
reflecting takeover safety.

The metrics specific to Task A are as follows.

1) Accident Number (AN): An accident occurs when the
IV collides with the FV or completely crosses a lane
boundary. As a direct measure of safety, a lower AN
indicates a higher level of takeover safety.

2) Minimum Accident Distance (MAD): MAD refers to the
minimum Euclidean distance between the IV and either
the lane boundary or the FV during takeover. It is set to
zero in the event of an accident. This metric quantifies
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Fig. 10. Comparison of TRRT, MAD, and S S for Task A in different takeover
modes.

TABLE 11
AN FOR TASK A IN DIFFERENT TAKEOVER MODES

Speed Mode

A B C D E
5 m/s 0 6 4 0 5
8 m/s 0 17 13 0 16
10 m/s 10 45 42 11 42

the vehicle’s proximity to potential hazards, with a larger
MAD indicating a greater safety margin.

3) Smoothness Score (SS): Accidents may disrupt data
integrity and introduce bias, making the average steer-
ing angle (ASA) an unreliable metric for quantifying
smoothness in Task A. Therefore, an SS is defined as

SS =100 x M

max — Omin

(25)

where & denotes the ASA during the takeover. 8, and
Omax represent the minimum and maximum ASAs among
all accident-free trials, respectively. S is set to zero if
an accident occurs. A higher SS reflects better takeover

smoothness.
The metric specific to Task B is as follows.

1) Mean Squared Distance (MS D): MS D is defined as the
mean of squared minimum distances from actual vehicle
positions to the planned trajectory centerline. A lower
MS D indicates that the vehicle follows the planned
trajectory more accurately, reflecting a safer takeover.

2) ASA: ASA captures the ASA observed during the
takeover. A smaller AS A suggests that the human driver
managed the vehicle more smoothly.

E. Experiment Results

The experimental results for Task A are presented in Fig. 10
and Table II, while the results for Task B are shown in Fig. 11.
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Fig. 11. Comparison of TRRT, MSD, and ASA for Task B in different

takeover modes.

We analyzed the evaluation metrics wusing the
Mann—Whitney U test, a nonparametric test that does
not assume normality. When p < 0.05, it indicates that there
is a statistically significant difference in the corresponding
metric between the two modes. We mark the p-values from
the U test with significance indicators: * for p < 0.05, ** for
p <0.01, and *** for p < 0.001.

In the following section, we first conduct a baseline com-
parison of our method with other takeover baselines, followed
by an ablation study to analyze the contribution of each com-
ponent. Finally, we elaborate on the underlying mechanisms
of our method through representative cases.

1) Baseline Comparison: Across all experiments, the
TRRT of our method is significantly lower than that of
modes B and C. This suggests that the proposed framework
effectively enhances the human operator’s responsiveness to
risk, indirectly ensuring takeover safety. It is worth noting
that our method does not guarantee TRRT < 0 due to human
reaction latency, which is outside the scope of this study. The
TRRT of our method is around 0.6 s, which falls within the
reasonable range for human reaction time. Therefore, we focus
solely on the relative values of TRRT .

As for other metrics, in Task A, our method avoids accidents
at both 5 and 8 m/s, while accidents occur under modes B and
C. In most cases, our method shows significantly higher MAD
and §'S for Task A, and significantly lower MS D and AS A for
Task B, indicating the superiority of our method in ensuring
the safety and smoothness of the takeover process.

However, the performance of our method degrades across
many metrics as speed increases. Our method caused accidents
in Task A at 10 m/s. Although Task B does not define
accidents, the average MSD and ASA values increased by
35% and 17% from 5 to 8 m/s, but then surged by over
180% and 40% from 8 to 10 m/s, with the growth rates
more than doubling compared to the lower-speed interval.
This can be explained by two reasons: first, under a fixed
prediction horizon, higher speeds amplify trajectory prediction
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Fig. 12. Representative driving paths in different takeover modes.

errors. Second, high speeds tend to cause substantial deviations
between the vehicle’s actual position and its intended trajec-
tory, making it harder for MPC to achieve safe and smooth
trajectory tracking.

2) Ablation Study: We compared the metrics under modes
A and D to analyze the contribution of the proposed TOR
generator. Mode A demonstrated significantly lower TRRT
across all groups, highlighting the proposed TOR generator’s
core contribution—enabling faster human takeover responses.

Interestingly, whether modes A and D differ in other metrics
depends on the task type. In Task A, no significant differences
in MAD and SS were observed between the two modes.
However, mode A significantly reduced MSD and ASA in
Task B. The reason may be that the risk indicator in Task B
is directly related to the deviation from the planned path. As
TRRT increases, the deviation grows, requiring more steering
effort to follow the path and reducing safety and smoothness.
In contrast, the risk indicator for Task A is more proactive,
providing a time window for the vehicle to continue straight
after warnings, so the TOR generator has less impact. Overall,
we believe the TOR generator’s contribution is closely tied to
the design of the admissible set S.

By comparing the metrics under modes A and E, we evalu-
ate the effectiveness of the authority transfer controller. In Task
A, mode A shows lower AN across all groups, with significant
increases in MAD and SS. In Task B, excluding the 10 m/s
group, mode A significantly reduces MSD and ASA. These
results indicate that the proposed authority transfer controller
plays an important role in improving safety and smoothness.
Although the same TOR generator is used, our method gen-
erally results in a higher TRRT due to the extension strategy
for handling variable feedback delays. Considering that the
TRRT in mode A is also within a reasonable range, this does
not imply that our method lacks the ability to compensate for
communication delays.

3) Mechanism Interpretation With Representative Cases:
Figs. 12 and 13 illustrate representative driving paths and
the corresponding steering angle variations for Task B under
modes A, B, and C, clearly demonstrating the improvements
made by our approach through three key mechanisms:

First, the early-issued TOR provides additional preparation
time for humans. Due to delays in TOR transmission, modes
B and C maintain autonomous control for extended periods,
limiting the time available for the driver to perceive, plan, and
execute actions. Our approach issues the TOR in advance,
enabling the driver to initiate the path change earlier and
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Fig. 13. Steering angle variations in different takeover modes.

thereby improving the safety and smoothness of the takeover
process under communication delays.

Second, tracking the human-intended trajectory compen-
sates for the lag in human inputs. In mode C, delayed human
commands prevent timely planned path following, causing
the driver to make abrupt steering corrections. In mode B,
mismatches between sensing data and driving commands lead
to an oscillatory vehicle trajectory. Our method addresses this
issue by predicting the driver’s intended trajectory, thereby
ensuring that the vehicle accurately follows the centerline as
intended.

Finally, the segmented control authority allocation strikes a
balance between smoothness and safety. In mode B, the sudden
transition from autonomous mode to human control leads to
fluctuations in steering angles. In contrast, prolonged shared
control in mode C may introduce safety risks. Our approach
maintains smoothness by utilizing shared control during the
early stages of the takeover while ensuring the autonomous
driving controller disengages promptly under delayed condi-
tions, thus safeguarding both smoothness and safety.

To examine the effect of human-intended trajectory pre-
diction accuracy on our method, we conducted 20 trials in
Task A at a speed of 8 m/s using a simplified kinematics-
based predictor that assumes a constant turn rate. While no
accidents occurred in the original experiment, six accidents
were observed, indicating that accurate trajectory prediction
is a prerequisite for our method. In real-world scenarios
with unstable operator behavior and complex environments,
prediction accuracy may degrade, leading to reduced takeover
performance. Conversely, more advanced and multimodal tra-
jectory prediction models are expected to further enhance the
performance of our method in high-speed scenarios.

Additionally, we conducted a simple additional analysis on
the personalized parameters K and b of the authority transfer
controller for a subset of participants in Task A. With b fixed,
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we conducted experiments in which K was varied within
+20% of its final value. Although differences in subjective
operational experience were reported, no statistically signif-
icant differences were observed in the performance metrics.
With K fixed, perturbing b within +20% led to similar results
(the delay impact level remains below b). These results suggest
that, within the proposed method, the system does not exhibit
strong sensitivity to these parameters, allowing a certain degree
of tolerance in their adjustment.

V. CONCLUSION

This article has proposed a trajectory prediction-based adap-
tive takeover method for mobile robot teleoperation systems.
The TOR generator issues early warning signals by predicting
the robot’s future trajectory under autonomous control. The
authority transfer controller reconstructs delayed human inputs
by tracking the human-intended trajectory and adaptively
transfers control authority from the autonomous input to the
reconstructed human input. This method enhances the safety
and smoothness of the remote passive takeover process under
varying communication delays. The effectiveness of the pro-
posed approach was validated in representative remote driving
scenarios.

It is observed that the performance of the proposed method
deteriorates as the robot speed increases. In addition, the
current framework lacks formal theoretical guarantees and
relies on assumptions such as bounded communication delays.
Future work will focus on strengthening theoretical guarantees,
relaxing these assumptions, and extending the applicability of
the proposed approach to more dynamic environments and
higher-speed conditions.
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