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Reconciling Conflicting Intents: Bidirectional
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Abstract—In the realm of semi-autonomous mobile robots de-
signed for remote operation with humans, current variable au-
tonomy approaches struggle to reconcile conflicting intents while
ensuring compliance, autonomy, and safety. To address this chal-
lenge, we propose a bidirectional trust-based variable autonomy
(BTVA) control approach. By incorporating diverse trust factors
and leveraging Kalman filtering techniques, we establish a core
abstraction layer to construct the state-space model of bidirectional
computational trust. This bidirectional trust is integrated into
the variable autonomy control loop. Real-time modulation of the
degree of automation is achieved through variable weight receding
horizon optimization. Through a within-group experimental study
with twenty participants in a semi-autonomous navigation task, we
validate the effectiveness of our method in goal transfer and assisted
teleoperation. Statistical analysis reveals that our method achieves
abalance between rapid response and trajectory smoothness. Com-
pared with binary control switching, this method reduces operator
workload by 14.3% and enhances system usability by 9.9%.

Index Terms—Bidirectional trust, conflicting intents, degree of
automation, human-robot collaboration, variable autonomy.

I. INTRODUCTION

EMOTE robotics has revolutionized human capabilities,
Runlocking new frontiers in accessing challenging envi-
ronments such as the deep sea, outer space, and post-disaster
zones [1]. Despite these advancements, robots still lack full
autonomy in task execution due to limitations in situational
awareness and decision-making [2]. To overcome these lim-
itations, collaborative semi-autonomous robotic systems have
been developed, integrating the strengths of robots and humans
through variable autonomy [3] and shared control [4]. However,
the autonomous natures of both entities often leads to conflicting
intents. Fig. 1 illustrates a typical task scenario where the robot
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Fig. 1. Examples of intent conflicts arising from human intervention in navi-
gation tasks. The robot pre-planned a path from the starting point A to the goal
D as A — B—C — D. However, intervention by the operator at point B and its
release at point E altered the robot’s path to become A -+ B—E — C—D.

autonomously navigates to the predefined goal D (robot intent).
During task execution, the operator at point B notices a point of
interest E (human intent), prompting a transfer in the team’s task
goal from D to E. This necessitates the operator’s intervention for
robot control. The operator adjusts the path, directing the robot
towards the noticed point of interest for closer observation. Upon
fulfilling the human intent, the task goal transfers back from E
to D. The operator then relinquishes control, enabling the robot
to re-plan and resume operations in line with its original robot
intent. The paramount focus is on goal transfer during human
intervention or control relinquishment to ensure compliance or
autonomy, complemented by assisted teleoperation to ensure
safety. Designing a variable autonomy method to tackle these
two issues remains a significant challenge.

Variable autonomy systems facilitate control exchange be-
tween human operators and robots by transitioning between
different levels of automation (LoA), reflecting the degree of
independent decision-making and action by robots or artificial
intelligent (AI) agents [5]. In [6], a research group presented
an expert-guided mixed-initiative control switcher for remotely
operating mobile robots, allowing LoA transitions initiated by
human operators or in response to deteriorating robot per-
formance. By addressing control conflicts from a negotiation
perspective [7] and considering human state [8], they tackled
the issue. Measuring decision variables is critical for achieving
variable autonomy [9]. Existing work either focuses on reacting
to sensor inputs (such as obstacles) [10], [11], predefined priori-
ties [12], and haptic feedback [11] to ensure teleoperation safety,
or on binary switching modes [13], [14] and timing of LoA [6],
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[71, [8]. However, there is rarely a unified framework to concur-
rently address goal transfer and assistive teleoperation. Unlike
the discrete nature of LoA, degree of automation (DoA) refers
to a continuous automation concept, enabling finer control.
Leveraging a framework for quantifying performance degra-
dation and assessing robot health, researchers can adjust the
quantity of LoA or DoA in real-time [15]. Results demonstrated
comparable performance between adjusting DoA and adjusting
LoA [16]. Nevertheless, this framework primarily prioritize
improving robot performance and overlook crucial aspects of
human cognition and human-robot interaction (HRI), such as
trust. The dynamic switching of DoA to reconcile conflicting
intents remains a challenging and underexplored problem in the
literature.

The work in [17] introduced a bidirectional trust model,
enabling the weighted combination scheme in mobile robot
systems that enhances overall performance through gradual
adaptation to authority allocation. Researchers have incorpo-
rated human trust in robots (briefly called human trust) across
various domains, such as shared control [18] and driver action
correction [19]. Evidence from variable autonomy systems [20]
suggests that human trust improve as operators become more fa-
miliar and skilled in task execution, inspiring further exploration
of addressing our problem from trust perspective.

The definition of trust, as presented in [21], characterizes it as
the attitude that an agent will help achieve an individual’s goals
in a situation characterized by uncertainty and vulnerability.
Current research has made strides in exploring trust factors [22]
and establishing trust models [23], [24]. Yet, these efforts mostly
focus on unidirectional trust models [25], [26], overlooking
bidirectional trust in scenarios with peer-to-peer relationships
between autonomous agents and operators. In [27], a capability-
based bidirectional multi-task trust model was introduced for
predicting human trust or robot trust in humans (briefly called
robot trust). Considering variations in factors across domains
and environments, adjustments to the input factors of these trust
models may be necessary. Therefore, careful consideration of
runtime performance impacts related to humans, tasks, and the
environment is required for direct application to online DoA
adjustment.

To our knowledge, an explicit bidirectional trust model de-
signed to adaptively adjust DoA based on the distinct charac-
teristics of HRI remains an open area of research. This letter
aims to bridge this gap by introducing a variable autonomy
control system that enables goal transfer and assisted teleop-
eration, enhancing the capabilities of human-robot teams in
reconciling conflicting intents. Unlike human-initiated [5] and
mixed-initiative [28] approaches, we achieve this through robot-
initiated behavior guided by the bidirectional trust.

The main contributions include (1) formulating a set of five
task-specific trust factors for human and robot trust, (2) intro-
ducing a bidirectional computational trust model (BTM) that
combines diverse trust factors using Kalman filtering techniques,
(3) developing a variable weight receding horizon optimiza-
tion framework to optimize DoA using bidirectional trust as
the weighting parameter, and (4) evaluating the performance
of the proposed method through a scientifically repeatable
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Variable autonomy framework for bidirectional trust-based DoA mod-

semi-autonomous navigation experiment considering conflict-
ing intents on remote mobile robots.

II. TRUST FACTORS

We consider a semi-autonomous navigation task performed
by a human-robot team, as depicted in Fig. 1. The robot is
equipped with onboard computers, cameras, IMU, odometry,
LiDAR, and other devices, enabling autonomous planning and
navigation. The operator, as the teammate, has the ability to man-
ually control the robot using a joystick without force feedback.
Visual feedback is provided to the operator through the WiFi
network, displaying the camera’s first-person perspective.

Fig. 2 depicts the information flow and components of our
proposed framework. The robot collects real-time information
stream through sensors, extracting key trust factors. These fac-
tors form the bidirectional trust, denoted as T = [T},,T,]".
Here, T}, € [0, 1] represents the human trust, and 7, € [0, 1]
represents the robot trust, with higher values indicating greater
trust. When the operator generates manual control commands
uj, € R? based on human’s intent (goal), and the robot’s planner
generates autonomous control commands u, € R? based on
robot’s intent (goal), the variable autonomy controller utilizes
the current bidirectional trust level to determine the shared
output u* € R2, which is then applied to the robot.

Trust fluctuations may depend on operator, robot, and envi-
ronmental characteristics, as well as their interactive closed-loop
feedback, rather than solely on any individual factor [21]. These
factors, termed trust factors, can be defined and quantified to
establish the BTM. While an ideal BTM would consider all
potential factors, research [22] shows that a focused set of trust
factors can provide robust insights, particularly in specific robot
types, tasks, and forms of HRI.

We present a practical and viable example with five trust
factors relevant to goal transfer and assisted teleoperation. These
trust factors are determined through preliminary experiments,
literature analysis, and observations across various robot plat-
forms. To ensure trust consistency, we have analyzed and quan-
tified each factor, assigning numerical values on a scale [0, 1].
A value of 1 denotes optimal performance, while 0 indicates the
lowest performance.

A. Factors of Robot Trust in Humans

1) Safety: Withflawless autonomous obstacle avoidance, our
focus is on continuous obstacle detection during operator control
to prevent potential harm. Robot trust diminishes when manual
operations result in collisions with obstacles. Safety is defined
as the likelihood of collision with surrounding objects, ranging
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from low to high probability. The robot’s velocity observation,
denotedas z = [v,,w.] ", captures linear velocity v, and angular
velocity w, from the robot’s sensors. Safety is assessed by
monitoring the minimum distance Adj, to obstacles and the
linear velocity observation v, ;. Distance is measured using
the LiDAR, while the robot’s velocity is estimated through
Kalman filtering with IMU and odometry measurements. Using
an exponential function, the safety factor Sy, € [0, 1] at time %
is described as

vsv2

Sy =e B (1)

where v, € R denotes the safety coefficient. Rather than us-
ing distance [11], we use the deceleration vik/(QAdk) as an
indicator of safety level.

2) Cognitive Capacity: Extended human interventions may
burden operators cognitively, impacting operational perfor-
mance and diminishing robot trust [22]. Incorporating the uti-
lization in [25], we quantify operator cognitive capability as the
function of the duration controlling the robot. Cognitive capacity
factor £, € [0, 1] at time k is expressed by

Lr=1—=v)Li1+ (1 —7%) Vo 2

where the time constant 7y, € [0, 1] determines the sensitivity of
the operator’s cognitive capacity at the current time to the pre-
vious time. The variable 75, € {0, 1} denotes the robot’s control
mode at time k, with 7, = 1 indicating human intervention and
7, = 0 indicating no human intervention. The longer the human
intervention, the lower the cognitive capacity L. After humans
release control, £y, increases due to regained mental energy.

3) Smoothness: Experienced operators typically exhibit
smoother control over robots, signifying superior operational
quality and mitigating abrupt, potentially destabilizing move-
ments [26]. Robots tend to exhibit higher trust in human col-
leagues displaying enhanced operational quality. To assess the
quality of manual control, we use smoothness as a metric,
focusing on jerk, which is the first-order time derivative of
acceleration aj. We consider both linear and angular jerk, as
excessive jerk can lead to motion issues such as impacts, jitters,
and drift. Acceleration aj, is measured using the IMU, and jerk is
calculated by differencing consecutive measurements. Employ-
ing an exponential function, the smoothness factor &, € [0, 1]
at time k is described as

Ep = e lhmakll, (3)

where v,, € R2>X02 represents the smoothness coefficient, and
I - ]2 denotes the Euclidean norm. & increases as @, decreases.

B. Factors of Human Trust in Robots

1) Comfort: When human observations of the robot’s perfor-
mance deviate from their preferences, human trust in the robot
consequently diminishes [29]. To ensure optimal visual observa-
tion, the robot’s movement speed should align with our preferred
pace. Excessive speed can result in image blurring, while overly
slow movements can test the operator’s patience. To quantify
the operator’s satisfaction with environmental perception, we
propose a comfort factor. Using an exponential function, the
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comfort 7, € [0, 1] at time k is described as
T, = e~ lelzsl=2)ll> 4)

where the comfort coefficient ;, € R2>X02 captures the opera-
tor’s sensitivity to deviations from the preferred robot velocity
denoted as z. The comfort Zj, increases as the offset (|zx| — 2)
decreases, reflecting the operator’s satisfaction.

2) Compliance: The disparity between the robot’s actual
speed and the operator’s expectations often leads to operator
frustration, prompting attempts to seize control and thereby
diminishing trust in the robot [9]. The compliance factor quan-
tifies the divergence between the robot’s motion and the op-
erator’s expectations during human intervention. Given the
fixed forward-facing onboard camera, we constrain the robot
to forward movement or rotation to ensure operational safety.
Compliance is primarily observed in the rotational component.
We define compliance as the cosine similarity between the
robot’s angular velocity observation and the operator’s angular
velocity control input. The operator’s control input is denoted
as uy, = [vp,wn]", where v, and wy, represent the linear and
angular velocity components derived from the joystick. Using
the sigmoid function, the compliance Cy, € [0, 1] at time k is
described as

1

o 1 + e Ve COS(‘*’h,,kawz,k)

Cr

(&)

where v. € R+ is the compliance coefficient and depends on
the human’s tolerance for non-compliance. C;, monotonically
increases with lower angular difference |wp, 1, — w k).

III. VARIABLE AUTONOMY CONTROL
A. Bidirectional Computational Trust Evolution

Inspired by the qualitative trust framework based on Kalman
filter in [23] and the temporal trust model in [25], we have
opted to employ a discrete state estimation approach based on
the classical Kalman filter for trust estimation. To represent
bidirectional trust 7' = [T},,T,]" as a state variable, we need
to perform mathematical derivations for the state-space model
that describes the dynamics of trust. The trust state prediction
process can be expressed as

Ty = ApTyk—1 + Bi, + 0x, (6)

where T}, represents the predicted value of the trust state at
the current time, and T}_; is the optimal estimate of the trust
state from the previous time step. of, ~ N (0, Q) is the system
noise following Gaussian distribution. Transfer matrix A, and
estimation vector By, are designed as

A = diag(l — v, 1 — ) (7
Bi = [ (T + mCr) s v L] " (®)

where 7, € [0, 1] and ~, € [0, 1] are propagation coefficients.
Human trust is predicted through comfort Z and compliance
C. Robot trust is predicted through cognitive capacity £. The
observation process of the trust state can be expressed as

Y. = Hi + € 9
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Fig. 3. Experimental setup. (a) The mobile robot and markers are positioned
in the workspace. (b) The operator controls the robot using a joystick while
monitoring it via GUL

where Y}, represents the trust observation. €5 ~ N(0, R) is the
observation noise following Gaussian distribution. Observation
vector Hy, is designed as

Hy = [Ther, mEx +n — 1) Spm] '

where safety S and smoothness £ serve as observations for robot
trust calibration. We identify S as the critical factor and £ as the
non-critical factor [26]. n € [0, 1] is the maximum contribution
of §. To calibrate human trust, an interactive interface (Fig. 3(b))
is designed to acquire the human trust observation 7},.. Tp, is
not continuously available but is provided by the operator only
when deemed necessary for calibration through the interface.

The Kalman filter allows for optimal state estimation by using
the predicted value T}, of the system state from the previous time
step and the observed value Hy, of the current time step.

(10)

B. DoA Optimization

Utilizing bidirectional trust 7', we devise a variable weight
receding horizon optimization framework for variable auton-
omy. To address conflicting intents, we formulate it as an
optimization problem involving a set of DoA. The reference
signals encompass manual control input uj, ;, and autonomous
control input u,. 5, while the potential actions uy, = [vg, wk]T are
treated as candidate actions in the optimization. u;, represents a
set of candidate control commands, constituting an uncountable
set comprised of all control commands constrained within the
maximum allowed velocity %,,,, and the minimum allowed
velocity w,,;,. At time k, the control error is defined as the
difference between the candidate action and the reference signal,
denoted as e = [up r — uk; Uy, — ug] . The cost function is
designed as

NP
.
I (Wrgo, Un g, The) = E ek+i\kAk+i|kPek+i|k
i=1
N
o W
T Ui W Utk

i=1

Y

where N, is the prediction horizon, and N, denotes the con-
trol horizon. A = diag(Th k. Th k, Iy k, Tr ) is variable weight
matrix that penalizes the control error, and P € R*** regulates
trust’s contribution to diverse control dimensions. W € R? is
the control matrix used to penalize control effort.

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 9, NO. 6, JUNE 2024

Fig. 4. (a) Human intervention (green line) deviates the robot from the pre-
planned path (dashed orange line) to create the new trajectory (solid line). (b)
Robot trajectory and angular velocity for participants #5 using BTVA.

Assuming uj, k+i = Up %, and u, j is generated by the au-
tonomous planner. Accounting for constraints, the BTVA is
characterized as

uy, = argmin J (U, g, Up k, Tk)
up,

. < <
ot {umm Vs (12)

Vk < Vv 2amaa:Adk:

where the maximum deceleration a,,,,,. ensures that u; remains
within a feasible range considering obstacle constraints.

In essence, (12) minimizes errors and control efforts result-
ing from bidirectional trust deficits between the robot and the
human. Bidirectional trust serves a dual role in the DoA modula-
tion. The relative magnitudes of human and robot trust indicate
the contributions of autonomous and manual control inputs to
the optimal output, facilitating control switchovers during goal
transfer. Lower human trust values lead to compliance with
manual control inputs, and vice versa. Additionally, insufficient
human or robot trust, determined by P and W, emphasizes the
second term in (11), favoring smaller control outputs to hasten
trust recovery and ensure robot safety.

IV. EXPERIMENTAL EVALUATION

We conducted a within-group experimental study to compare
our BTVA with two alternatives in a semi-autonomous naviga-
tion task. This study was approval by Northwestern Polytechni-
cal University’s Institutional Review Board.

A. Experimental Setup

We created a 6.6 mx 3.9 m maze-like test arena, as depicted
in Fig. 4(a), using a mobile robot as the platform. The robot’s
kinematics and dynamics models were aligned with [11]. The
sensors equipped on the robot, as illustrated in Fig. 3(a), were
consistent with the description provided in Section II. The
remote operator control station shown in Fig. 3(b) included a
laptop, joystick, mouse, and a display control interface screen.
The operator accessed situational information solely through the
screen, which provided real-time video from the robot’s front
camera and overlaid the estimated robot position on a 2D SLAM
map. The SLAM map was generated offline by controlling the
robot to cover the entire environment before the experiment,
employing LiDAR and SLAM algorithms. The display interface
also provides real-time visualization of human trust predictions
calculated via (6) and includes a slider ranging from -0.5 to 0.5.

Authorized licensed use limited to: Rongxin Cui. Downloaded on May 08,2024 at 21:49:34 UTC from IEEE Xplore. Restrictions apply.
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This slider enables operators to input their subjective trust devi-
ation from the current prediction. After capturing human input,
the system automatically calculates human trust observations
The.

We integrated the ROS-based NAV! project as our variable
autonomy controller on the robot platform, combining the Di-
jkstra algorithm for global planning and the dynamic window
approach for local planning in the autonomous planner.

To solve (12), we employ the L-BFGS-B algorithm from the
scipy.optimize.minimize function in the Python scipy
library. This solver iteratively optimizes a local second-order
approximation model of the objective function. At each dis-
crete time step, only the first control signal from the optimal
control sequence is implemented on the robot. The sampling
frequency is set at 10 Hz, and the robot’s velocity is constrained
within %y, = [0.3m/s, 1rad/s]" for the maximum velocity
and Up, = [0m/s, —1rad/s]" for the minimum velocity. Ad-
ditionally, the maximum deceleration is set to am,x = 0.1 m/ s2.
The step sizes for linear and angular velocities are 0.03 m /s and
0.1rad/s, respectively. Both N, and N, are set to 10. Moreover,
we have W = diag(0.3,0.1) and P = diag(100, 30, 100, 30).

Regarding the parameters chosen for the BTM, in Section II,
we set s = 2, Lo = 1, v, = 0.999, 7,,, = diag(1.1,0.33),
2z = [0.2m/s,0.3rad/s]", v, = diag(1.6,0.5), 7. = 6. In
Section III-A, we have v, = 0.1, v = 0.1, n = 0.7, Q =
diag(0.11,0.02), R = diag(0.16,0.04), Tp = [1,1]". In our
implementation, parameters are empirically determined, and
their optimization is beyond the scope of this letter.

B. Tasks

To ensure reproducibility and validity, we used rotatable
notched square markers, as shown in Fig. 3(a). These markers
were placed in fixed locations within the environment depicted
in Fig. 4(a) to mimic randomly occurring targets of interest.

The predetermined robot path is depicted in Fig. 4(a). The
robot was tasked with autonomous planning and navigation
from origination to destination. Our task aimed for prompt and
precise observation of two markers while the robot navigated.
Participants oversaw the robot’s navigation and controlled it via
a joystick upon observing the markers through video feedback,
near points A and C. It was mandatory for participants to
accurately identify the three notched square directions of the
markers in sequence from left to right before releasing control
and allowing the robot to continue its initial navigation task.

In our setup, without human intervention (green solid line), the
autonomous planned route of the robot (orange dashed line) did
not pass near the markers. Specifically, near points A and C, the
robot would make a left turn instead of proceeding straight. This
configuration aimed to create a mismatch between the robot’s
goal and human’s goal.

C. Control Conditions and Measures

To validate the performance of the proposed algorithm, we
further designed two control conditions for comparison.

INAV is available at https:/github.com/ros-planning/navigation.
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HISC: In the absence of an existing unified framework, we
devised a two-stage method called HISC. Human intervention
and release of control marked the goal transfer. Shared control
was implemented when m = 1, combining the operator’s com-
mand (scaled by weight i € [0, 1]) and the autonomous control
command (scaled by 1 — ) with u = S.

BTSC: For comparison, we developed BTSC, a bidirectional
trust-based shared control method. Unlike HISC, BTSC enabled
both goal transfer and teleoperation assistance. The weight 1 =
T, T},.

Empirical evidence supports the superiority of LoA switch-
ing [5] and assisted teleoperation [17] over manual control. We
conclude that HISC, combining human-initiated goal transfer
and shared control, outperforms pure manual operation. Thus,
manual control is not included as a control scheme.

Five measures were used to compare the control schemes,
including three objective measures: operational safety, opera-
tional smoothness, and time cost, and two subjective measures:
system usability scale (SUS) [30] and NASA task load index
(TLX) [31]. Operational safety and operational smoothness are
computed by averaging the safety and smoothness factors during
human intervention, respectively. Time cost corresponds to the
entire task duration from initiation to completion, with TLX and
SUS scores assessed following established protocols.

D. Testing Procedure

Twenty participants (17 males and 3 females), aged 23 to
30 years (mean M = 24.7, std. SD = 2.6), from the authors’
academic institution, took part in this experimental study. Partic-
ipants reported moderate familiarity with the robot (M = 4.6,
SD = 1.1, measured on a 7-point scale).

Upon signing the informed consent form, participants re-
ceived a 10-minute tutorial explaining the task and controls,
followed by a 5-minute practice to familiarize themselves with
the remote control platform. Each participant then completed
one trial under each control scheme, determined using a Latin
square design to minimize order effects. To prevent premature
control release, each marker was randomly rotated in multiples
of 90 ° in each trial. We recorded task time and the robot’s states.
After each trial, participants completed online NASA-TLX and
SUS questionnaires to provide subjective evaluations.

V. RESULTS

All participants completed the study without any dropouts,
and both objective and subjective measures were recorded and
analyzed?.

A. Verification of Bidirectional Computational Trust

Although no specific experiment was conducted to directly
validate the BTM and its trust factors, their implications can be
inferred from the recorded state data during the task. Fig. 4(b)
illustrates the motion trajectory and angular velocity profile of
participant #5 in BTVA. Figs. 5 and 6 depict the evolution of

2For video results, see https://youtu.be/9jCQuaVTj7M.
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trust factors and bidirectional trust for all participants in three
control conditions, with the five areas on the z-axis correspond-
ing to the labels marked in Fig. 4.

Between origination and point A, the robot autonomously
navigated with the robot trust level of 1, while human trust
decreased below 0.9 due to comfort. At point A, the operator
intervened upon spotting the first marker. The transition from
robot to human goal was safe but not smooth. Adjusting the
robot’s orientation reduced comfort, with a compliance drop
due to angular velocity. Assuming full control increased speed,
further decreasing comfort from linear velocity. Human inter-
vention time rose, leading to reduced cognitive capacity. The
robot estimated trust based on control duration, safety, and
smoothness, while human trust grew, reflecting the operator’s
self-confidence. At point B, the operator identified notched
square directions and lowered speed for safety during control
release, resulting in reduced comfort and smoothness. Robot
trust increased with higher cognitive capacity, while human trust
decreased due to comfort. The robot autonomously reached point
C, guided by the operator to point D upon spotting the second
marker, and then proceeded autonomously to complete the task
at the destination. Subsequent trust evolution and reasoning
aligned with our analysis.
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Fig. 7. DoA adjusting evolution for participant #5 using three control condi-
tions. Shaded area represent human intervention.

In summary, these findings highlight the diverse roles of five
trust factors in bidirectional trust. Despite potential local numer-
ical variations under different control conditions, a consistent
overarching trend emerges. This indicates that our trust factors
and model evolve as expected, providing real-time insights into
HRI when dealing with conflicting goals, in line with human
intuition.

B. Variable Autonomy Verification

We conducted a one-way repeated measures ANOVA with
Greenhouse-Geisser correction for violations of sphericity as-
sumption, and used Bonferroni correction for pairwise compar-
isons. Statistical significance was set at p < 0.05. Results can
be seen summarized in Fig. 8.

1) Operational Safety: No significant differences were
observed between BTVA (M = 0.943, SD = 0.004) and
BTSC (M = 0.951, SD = 0.002), and HISC (M = 0.949,
SD = 0.002), F(2,38) = 2.364, p = 0.105, 7712; =0.111, and
power = 0.47.

2) Operational Smoothness: Significant differences were
observed between control schemes, F'(2,38) = 7.985, p =
0.001, 7712) = 0.296 and power = 0.94. Pairwise comparisons
revealed that HISC (M = 0.902, SD = 0.004) was significantly
lower than BTVA (M = 0.915, SD = 0.003), p = 0.031, and
BTSC (M = 0.923,5D = 0.004), p = 0.003, but no significant
difference was observed between BTVA and BTSC.

3) Time Cost: There were significant differences between
control schemes, F'(2,38) = 14.753, p < 0.001, 7712, = 0.435
and power = 0.995. Pairwise comparisons indicated that BTSC
(M =67.235, SD = 0.8) took longer time compared with
BTVA (M =63.335, SD = 0.523), p = 0.002, and HISC
(M = 63.125, SD = 0.614), p < 0.001. No significant differ-
ences were observed between BTVA and HISC.

4) SUS: Significant differences in usability were observed
among control schemes, F'(2,38) = 33.94, p < 0.001, n} =
0.645 and power = 1, with a gradual decrease from BTVA
(M =173.625, SD =1.312) to HISC (M = 63.75, SD =

Authorized licensed use limited to: Rongxin Cui. Downloaded on May 08,2024 at 21:49:34 UTC from IEEE Xplore. Restrictions apply.



LI et al.: RECONCILING CONFLICTING INTENTS: BIDIRECTIONAL TRUST-BASED VARIABLE AUTONOMY FOR MOBILE ROBOTS

5621

e
o
3

0.97 T FT3 T 70 Frry

sl o : - g = T k4 70 i % Prg— o

20 ‘ Zooaf T i _ -+ -+ !

5 L ] { | 0 | © 80 | | ©

$0095 8 H 1 z “ ! g ! i 250

[ deo g B g g » 8|8 *

§094 : | 3 < l g %70 1 : x40 -

Eoos} - + £ 09 - ! 8 -+ 2 ! + =

g0 - g 0 £ 60 T kR 30 |

) oy . -+ H 60 4 T
09 Sossf i . i 20 T
0.91 ¢ == 55 50 —+ 0 0

HISC BTSC BTVA HISC BTSC BTVA HISC

(a) Operational Safety (b) Operational Smoothness

Fig. 8.
**p < 0.01 and **p < 0.001.

1.57), p = 0.057, and BTSC (M = 56.875, SD = 1.383),p <
0.001.

5) TLX: Significant differences were observed between con-
trol schemes, F'(2,38) = 128.091, p < 0.001, 72 = 0.883 and
power = 1. Pairwise comparisons revealed a gradual increase
in workload from BTVA (M = 28.567, SD = 1.483) to HISC
(M =42.867, SD = 0.698), p < 0.001, and BTSC (M =
54.267, SD = 1.209), p < 0.001.

VI. DISCUSSION
A. Overview of Bidirectional Computational Trust

Analysis of our experimental data shows that the BTM in-
tuitively aligns with trust reactions between individuals and
exhibits a common trend in trust evolution, confirming the
rationale. The successful use of the BTM as a two-dimensional
modulation factor for adaptive DoA adjustment further validates
our model.

In developing our remote operation system using the BTM, we
offer two insights. Firstly, by considering trust factors in HRI and
modeling them with the Kalman filter, our model distinguishes
itself from black-box neural network trust models [24]. Inter-
pretability is crucial, particularly in robotics and industrial Al
applications. Secondly, the state space’s mathematical structure
allows for the incorporation of new trust factors, requiring only
considerations of their intrinsic attributes, source, and conse-
quential impact. This facilitates the integration of trust factors
into existing models.

We also discuss ways to overcome certain limitations. Firstly,
the BTM falls into the temporal model category, akin to those
in [17], [19]. These models rely on parameters, which might not
perfectly match the operator’s real trust, despite our calibration
using human trust feedback. Future work should involve dedi-
cated psychological or psychophysical experiments for real-time
human trust data collection and parameter estimation. Secondly,
our selection of trust factors is based on literature reviews and
expert judgment without quantitative justifications. Subsequent
experiments could leverage machine learning algorithms and
statistical analysis to automatically derive trust factors and iden-
tify optimal combinations instead of manual settings.

B. Extensions of Variable Autonomy

The presented BTVA complements the findings in [26]
and [16]. The work in [26] aligns with our method of developing
computational trust models using real-time sensor measure-
ments, which are objective and devoid of human biases. The

(¢) Time Cost

BTSC BTVA HISC BTSC

(d) SUS

BTVA HISC

(e) NASA-TLX

BTSC BTVA

Boxplot comparisons of subjective and objective measurements with a sample size of twenty participants using three control conditions. Key: *p < 0.05,

problem we study can be considered as an extension of the
problem investigated in [16]. In addition to addressing DoA
adjustment caused by human performance degradation, we also
tackle DoA adaptive adjustment due to goal transfer.

Our experimental findings demonstrate that during robot au-
tonomous navigation, the absence of direct HRI results in robots
being uninformed about a significant portion of human-related
information. Consequently, human trust typically falls below
that placed in robot trust. Guided by our DoA modulation
principle, robots maintain their autonomy. However, human
intervention, driven by humans’ inherent confidence in their
actions, consistently elevates human trust, while robots contin-
uously assess human performance in real-time, adjusting their
trust accordingly to comply with human control. This interplay
between human and robot trust fluctuates as goals transfer, fa-
cilitating a smooth transition from autonomy, aimed at fulfilling
robot intent, to compliance, aimed at fulfilling human intent,
as illustrated in Fig. 7. This underscores the efficacy of our
proposed bidirectional trust framework, integrating trust factors
as inputs, in providing valuable guidance for robots to achieve
task goals at any given moment. While our example high-
lights semi-autonomous navigation, the proposed framework
can be adapted to various tasks involving conflicting intents,
such as environmental exploration, with only modifications to
the BTM.

Based on quantitative statistical analysis of our experiments,
all three control conditions demonstrated satisfactory safety per-
formance, with no collision incidents observed in the recorded
videos. This meets the safety requirements for practical applica-
tion in physical robots. Compared with BTSC, BTVA reduced
time cost by 5.8%, increased SUS by 16.75%, and reduced TLX
by 25.7%. Compared with HISC, BTVA increased operational
smoothness by 1.5%, improved SUS by 9.9%, and reduced TLX
by 14.3%. Additionally, it was observed that compared with
BTSC, HISC improved SUS by 6.9% and reduced TLX by
11.4%, which aligns with human intuition. Humans prioritize
making the robot quickly obey their control rather than focusing
solely on smooth trajectories.

The results of the within-group experimental study confirm
the effectiveness of our variable autonomy approach, marking
the first step for the BTM to modulate the DoA during goal
transfer and assisted teleoperation. In the current work, while the
BTM effectively reconciles conflicting intents by modulating
DoA, conflicts persist, as shown in Fig. 4(b). Swift recogni-
tion and adaptation to human intents by the robot after human
takeover may hold the key to conflict resolution. Future work
can aim to achieve intent alignment by inferring and explicitly
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measuring human intents [8] using environmental cues and
operator control data.

VII. CONCLUSION

In this letter, we addressed conflicting intents in human-
robot teams by developing a variable autonomy control method
based on bidirectional trust. To describe trust, we designed five
task-specific trust factors. These factors were combined using
Kalman filtering to create the BTM. By using the BTM as the
weighting parameter, we developed a variable weight receding
horizon optimization method for DoA adjusting. Experimental
studies with 20 participants demonstrated real-time detection
and quantification of bidirectional trust during task execution.
Our method facilitated smooth transitions in control authority,
ensuring safety in teleoperation. Statistical analysis confirmed
our approach exhibits an overall higher system usability and
lower operator workload.
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