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Abstract—Trust is key to achieving successful Human-Robot In-
teraction (HRI). Besides trust of the human co-worker in the robot,
trust of the robot in its human co-worker should also be considered.
A computational model of a robot’s trust in its human co-worker for
physical human-robot collaboration (pHRC) is proposed. The trust
model is a function of the human co-worker’s performance which
can be characterized by factors including safety, robot singularity,
smoothness, physical performance and cognitive performance. Ex-
periments with a collaborative robot are conducted to verify the
developed trust model.

Index Terms—Physical human-robot interaction, human factors
and human-in-the-loop, trust.

I. INTRODUCTION

W ITH the advancement of collaborative robots
(cobots) [1], these types of robots can now actively

interact with human co-workers in the same workspace.
The collaboration between humans and robots combines the
strengths of both parties, the perception and decision-making
of human co-workers and the power (e.g., force and torque) and
endurance of robots.

There are various ways in which humans could actively in-
teract with cobots. In this paper, we focus on physical Human-
Robot Collaboration (pHRC). pHRC defines a human co-worker
physically contacts or exchanges force continuously with a robot
to accomplish a shared goal in the same workspace. There
are various applications for pHRC, such as rehabilitation and
material handling [2], [3]. A pHRC scenario is shown in Fig. 1.

Trust is key to achieving successful Human-Robot Interaction
(HRI) [5]. The human may disuse (under-reliance), or misuse
(over-reliance) the robot without an appropriate level of trust [5].
Research on computational trust models in HRI has been con-
ducted by several research groups. Lee and Moray [6] developed
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Fig. 1. A pHRC scenario with a human co-worker physically controlling a
robot manipulator [4].

an auto-regressive moving average trust model based on opera-
tor’s subjective rating scales of trust, the automatic controller’s
performance and fault. Xu [7] proposed a human-to-robot online
probabilistic trust inference model which employs a dynamic
bayesian network to estimate the trust based on the subjective
human feedback. Saeidi proposed a trust-based control of a
semi-autonomous mobile robot [8] and Sadrfaridpour proposed
a trust-based control of a manipulator [9].

In human-human interaction (HHI), trust is bidirectional. In
order to emulate HHI for HRI, models of robot trust in humans
were also studied by several researchers. Rahman [10] proposed
a robot-to-human trust model for handover tasks and Tran [11]
proposed a robot-to-human confidence model based on the Fluid
Stochastic Petri Net model in pHRC.

For the existing human-to-robot trust models [6]–[9], sub-
jective questionnaires about trust are used to identify models’
parameters. However, this cannot be realized in robot-to-human
trust model development. Performance measurements in these
robot-to-human trust models [10], [11] are restricted to a partic-
ular task. The proposed approach in this research directly uses
measurements from sensors during pHRC, which is objective
and without human bias. In addition, the robot-to-human trust
model takes into account many pHRC factors, including safety,
robot singularity, smoothness, physical performance and cog-
nitive performance, which evaluates human co-worker perfor-
mance more comprehensively. Therefore, the main contribution
of this paper is the development of a relatively accurate, objective
and comprehensive computational model of robot trust in a
human co-worker for physical human-robot collaboration. The
organization of the paper is as follows. The computational model
of robot trust in a human co-worker is described in Section II.
The human co-worker performance modelling is presented in
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Section III. An experimental testbed and design of experiments
are presented in Section IV. The results and discussion are
shown in Section V and the conclusion and future work are
in Section VI.

II. COMPUTATIONAL TRUST MODEL

The trust of humans in robots is dynamic and highly depends
on the robot performance [12]. Therefore, We assumed that the
trust could be estimated based on performance [12]. When devel-
oping a model of robot trust in humans, a similar dynamic model
is used. We introduce a real-time computational robot-to-human
trust model:

T [n] =

∑N
k=0 β

kp[n− k]∑N
k=0 β

k
(1)

T ∈ [0, 1] is the robot’s trust in human co-worker. T = 0 or
T = 1 represents no trust or complete trust respectively in the
human co-worker. p ∈ [0, 1] is a normalised measure of human
performance, which may be comprised of multiple performance
measures. A discount factor β ∈ [0, 1] is introduced that reduces
sensitivity to historic performance as more recent performance
has greater impact on trust value [6]. βk is the weighting of p
at the time step n− k. When k is larger, βk is smaller. N is the
length of the moving time window and n is the current time step.
β and N determine the sensitivity of T to past performance. The
past performance has less effect on T if β and N are small.

III. HUMAN CO-WORKER PERFORMANCE MODELLING

In order to evaluate the human co-worker performance p in the
context of pHRC in (1), factors that affect the human co-worker
performance in pHRC need to be identified and quantified. In
this work, the human co-worker performance is characterized
by Safety Performance pS ∈ [0, 1], Singularity Performance
pSP ∈ [0, 1], Smoothness Performance pSM ∈ [0, 1], Physical
Performance pPW ∈ [0, 1] and Cognitive Performance pCP ∈
[0, 1]. These factors are important and common measurements
of safe and intuitive pHRC. Details on justification of selecting
these pHRC factors have been provided in each sub-section in
Section III. Tran [11] proposed a method to incorporate different
performance factors:

p =

Nc∏
A=1

pcA(C + (1− C)×
Nnc∑
A=1

γAp
nc
A ) (2)

pcA and pncA are the critical and non-critical performance factors,
respectively. Critical factors pcA are strongly relevant with the
continuation of a task, safety of the human co-worker and
the robot. Non-critical factors pncA are used for assessing the
performance of the human co-worker that is not essential to
the task and safety of the human co-worker and the robot. Nc

and Nnc are the number of critical and non-critical performance
factors. γA is the weighting coefficient and represents the rel-
ative importance of each pncA ,

∑Nnc

A=1 γA = 1. C represents the
maximum contribution of the pncA .

In this paper, the Safety Performance pS and the Singularity
Performance pSP are safety-related which are regarded as pcA.

Fig. 2. (a) An example of the Safety Performance pS versus deceleration a (4)
when x− = a− = 5, x+ = a+ = 25, y− = 1 and y+ = 0. (b) An example of
the Singularity Performance pSP versus the smallest singular value σmin (6)
when σ+ = 0.4, σ− = 0.1 and ϕ = 0.02.

The other three performance factors are not safety-related which
are regarded as pncA . Hence, based on (2), the human co-worker
performance is modelled as:

p[n] = pSpSP

(C + (1− C)(γSMpSM + γPW pPW + γCP pCP )) (3)

The weighting coefficients γSM + γPW + γCP = 1 are pos-
itive constants that could be adjusted based on the relative
importance of the corresponding pncA according to specific task
requirements.

A. Safety Performance

In order to achieve safe pHRC, collisions between the robot
and surrounding objects need to be avoided to prevent potential
damage to both the robot and surrounding objects. As a result,
a safety performance pS is defined based on the possibility of
collision between the robot and surrounding objects whilst under
control by the human co-worker. The possibility of collision
increases from low (pS = 1) to high (pS = 0). An interpolation
function is employed to acquire a smooth curve of pS [13] which
is shown as:

pS [n] = f(a[n], a−, a+, 1, 0) (4)

f is a fifth-order polynomial with null first and second derivatives
at a− and a+ and f is bounded in the range between 1 and 0.

a[n] =
v2[n]− v20 [n]

2Δs[n]
(5)

a[n] is the magnitude of the constant deceleration required to
stop the robot when it reaches the position to collide with an
object which is based on the kinematic (5). a− is the threshold
deceleration at which pS starts to reduce as shown in Fig. 2(a)
anda+ is the maximum deceleration allowed. v[n] is the velocity
of the robot when reaching the position to collide with an object
which is assumed to be zero (v[n] = 0m/s). Δs[n] is the dis-
tance between the robot and the object. v0[n] is the current robot
velocity toward the object. Employing a takes consideration of
both the robot velocity toward an object v0 and the distance
between the robot and an object Δs. When Δs is small or v0 is
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Algorithm 1: Safety Performance Calculation.
for i← 1 to Nobj do
�di = �si − �srobot // Position vector from the position of
robot �srobot to the position of object i �si
�vi = 0 // The velocity toward object i
// If the angle between vector of robot velocity �vrobot
and di is less than or equal to 90 ◦, calculate the
velocity toward the object i
if �vrobot · �di ≥ 0 then
�vi = proj�di

�vrobot
end if
ai =

02−‖�vi‖2
2×‖�di‖ // Deceleration for object i based on (5).

piS = f(|ai|, a−, a+, 1, 0) // Safety Performance for
object i based on (4).

end for
pS = min(piS), ∀i ∈ 1, 2, 3. . .Nobj // Safety
Performance pS is defined as the smallest safety
performance among all the surrounding objects

large, a is large which represents the possibility of collision is
high.

Fig. 2(a) shows the change of Safety Performance with decel-
erationa. pS starts to reduce oncea > a− because the possibility
of collision increases. pS reaches the minimum value (pS = 0)
once a ≥ a+.
pS needs to be evaluated for each surrounding object iby using

algorithm 1. Nobj is the total number of surrounding objects.

B. Singularity Performance

In the pHRC scenario showing in Fig. 1, when the manipulator
is close to a singular configuration, the joint velocities are large,
causing the robot behaviour to be unpredictable and dangerous.
Hence, Singularity Performance pSP ∈ [0, 1] is proposed to
quantify the possibility of entering a singular configuration.
When pSP = 1 (or pSP = 0), the possibility of entering a sin-
gular configuration is extremely low (or high).

In this work, pSP is defined as a function of the smallest sin-
gular value σmin, which can be calculated through singular val-
ues decomposition (SVD) of the Jacobian matrix (J). Inspired
from [14], an exponentially-shaped function was introduced to
scale the singular value.

pSP [n] =

{
1− ϕ

σmin[n]−σ−
σ+−σ− σmin[n] > σ−

0 otherwise
(6)

σ+ is the smallest singular value threshold at which pSP starts to
reduce as shown in Fig. 2(b). σ− is the minimum value allowed
for the smallest singular value (σ+ > σ− > 0). The difference
between σ+ and σ− should not be too small to ensure a smooth
transition of pSP with respect toσmin.ϕ determines the smooth-
ness of transition between σ− and σ+ (1 >> ϕ > 0). ϕ should
be tuned to ensure both smooth transition and pSP (σ

+) ≈ 1 as
shown in Fig. 2(b).

From Fig. 2(b), when σmin > σ+, pSP ≈ 1 which indicates
that the possibility of entering a singular configuration is low.
When σmin < σ−, pSP = 0, indicates that the possibility of
entering a singular configuration is high. In addition, whether
the manipulator is approaching a singular configuration is also
another important factor to be considered when calculating pSP .
pSP should be higher when the manipulator is heading away
from a singular configuration because the possibility of entering
a singular configuration is lower compared with heading toward
a singular configuration. Based on [14], if the desired robot end-
effector velocity in Cartesian space xd causes the decrease of
smallest singular value σmin, it indicates that the manipulator is
approaching a singular configuration and vice versa.

The Jacobian matrix J [n+ 1] at the next time step is calcu-
lated based on the robot’s current pose and desired velocity.
σmin[n+ 1] is calculated based on J [n+ 1] through SVD.
Therefore, σ+ = σ+

AW and σ− = σ−AW when the manipulator
is leaving a singular configuration (σmin[n+ 1] ≥ σmin[n])
and σ+ = σ+

AP and σ− = σ−AP when approaching a singular
configuration (σmin[n+ 1] < σmin[n]):

σ+, σ− =

{
σ+
AW , σ−AW if σmin[n+ 1] ≥ σmin[n]

σ+
AP , σ

−
AP if σmin[n+ 1] < σmin[n]

(7)

The parameters in (7) should be tuned that σ+
AP > σ+

AW >
0 and σ−AP > σ−AW > 0 to ensure pSP (σmin|σ+

AW , σ−AW ) >
pSP (σmin|σ+

AP , σ
−
AP ) to reflect that the possibility of enter-

ing a singular configuration is lower when heading away a
singular configuration compared to heading toward a singular
configuration.

C. Smoothness Performance

An experienced human co-worker normally operates the robot
with smoother movements when compared with novice users.
One way to measure smoothness is to use jerk, the first time
derivative of acceleration [15]. As a result, smoothness sm can
be calculated as:

sm[n] = ‖�̈v[n]‖ (8)

�v[n] is the vector of the velocity of the end-effector of the robot
in Cartesian space. And ‖.‖ is the Euclidean norm.

Smoothness Performance pSM ∈ [0, 1] is used to quantify the
degree of smoothness when the human co-worker moves the
robot during performing a pHRC task. pSM = 0 is defined as an
extremely unsmooth movement. pSM = 1 corresponds to when
the smoothness of human co-worker’s movement is within an
acceptable range. The interpolation function in (4) is used to
measure a pSM .

pSM [n] = f(sm[n], sm−, sm+, 1, 0) (9)

sm− is the threshold smoothness at which pSM starts to reduce
from 1 and sm+ is the maximum smoothness allowed.

D. Physical Performance

The human co-worker’s performance is also affected by the
physical workload the human co-worker has to take during a



WANG et al.: COMPUTATIONAL MODEL OF ROBOT TRUST IN HUMAN CO-WORKER FOR PHYSICAL HUMAN-ROBOT COLLABORATION 3149

period of time. Heavy workload causes muscle fatigue and thus
affects performance. Sadrfaridpour [9] proposed a human phys-
ical performance model for collaborative manufacturing which
can be used for pHRC because the force applied by the human
co-worker could be measured through a force-torque sensor in
real-time. The human physical performance, pPW , is calculated
by (10). (Note that the human co-worker physical performance
is extremely complex to model, the physical performance model
in this paper is just a simplified model).

pPW [n] =
Fmax,iso[n]− Fth

MVC − Fth
(10)

Fth is the equilibrium point at which the fatigue and recovery
balance out. Maximum Voluntary Contraction (MVC) is the
maximum isometric force with zero level of fatigue (Fmax,iso =
MVC). Fmax,iso[n] is the maximum isometric force which
will reduce when a human co-worker’s muscle applies a force
for some time due to the level of fatigue increases. Hence, the
physical performance pPW degrades correspondingly when the
Fmax,iso decreases as shown in (10). Fmax,iso is shown as:

Fmax,iso[n+ 1] = Fmax,iso[n]

− CfFmax,iso[n]
‖F [n]‖
MVC

+ Cr(MVC − Fmax,iso[n]) (11)

Cf and Cr are the fatigue and recovery coefficients which are
individual-dependent. ‖F [n]‖ is the magnitude of force applied
by the human co-worker. Fth is defined as:

Fth = MVC
Cr

2Cf
(−1 +

√
1 +

4Cf

Cr
) (12)

E. Cognitive Performance

Cognitive workload is a measure of mental work when ex-
ecuting a task. Therefore, it is believed to have an effect on
human performance [9]. Sadrfaridpour [9] proposed using the
Yerkes-Dodson (YD) law to describe a human co-worker’s
cognitive performance. The YD law [16] stated that when the
level of arousal increases, the human cognitive performance
increases correspondingly. However, it will only happen before
the level of arousal increases up to the point that is known as
the optimal level of arousal (OLA). After this point, the human
cognitive performance reduces as the level of arousal increases.
The OLA value is smaller for a more difficult task. Saeidi [8]
proposed a dynamic model, which describes the relationship
between human arousal, task difficulty and performance based
on the YD law:

pCP [n] = (p+CP − p−CP )(
r[n]

βCP
)βCP (

1− r[n]

1− βCP
)1−βCP + p−CP

(13)
r[n] ∈ [0, 1] is the utilization ratio of the human co-worker,
which represents the amount of time that the human co-worker
has been controlling the robot. p+CP and p−CP are the upper
and lower limits of the Cognitive Performance pCP which are
individual-specific. The value of βCP is determined by task
difficulty. A larger βCP represents a less difficult task. The
most difficult task is when βCP = 0. Fig. 3 shows the human

Fig. 3. Examples of the Cognitive Performance pCP versus utilization ratio
r with different levels of task difficulty βCP (13).

Fig. 4. (a) Experimental Testbed - ANBOT. (b) The human co-worker is
operating the ANBOT to follow a desired trajectory.

performance compared with different task difficulty βCP . When
the utilization ratio r[n] gradually increases, pCP increases up
to the highest point (OLA point) then decreases. In addition,
the OLA point shifts to the right when the task becomes easier
(βCP → 1).

r[n+ 1] = arr[n] + brM [n]

ar = 1− 1

τ
∈ (0, 1) br =

1

τ
∈ (0, 1) (14)

τ is the time constant that defines the sensitivity of the next
time step utilization ratio r[n+ 1] to the current utilization ratio
r[n]. Larger τ causes less variation in utilization ratio r. M [n]
is the control mode. M [n] = 1 refers to manual control mode
and M [n] = 0 represents autonomous control mode [8].

IV. EXPERIMENTAL EVALUATION

This section explains the design of three experiments to verify
the proposed trust model by using a human-robot collaborative
system.

A. Experimental Testbed

The experiment testbed is called ANBOT [17] (Fig. 4(a))
which is a collaborative robotic system for human-robot collabo-
rative operation. ANBOT consists of a UR10 arm from Universal
Robots and a six-axis force-torque sensor mounted between the
robot end-effector and the robotic arm to measure the interaction
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Fig. 5. (a) Trajectory tracking path for Experiments 1 and 2. (b) Trajectory
tracking path for Experiment 3.

forces applied by the human co-worker. The human co-worker
constantly hold the handlebar mounted on the robot end-effector.

There is a monitor to display the actual trajectory of the
robot end-effector, as shown in Fig. 4(b). In this experiment,
the movement of the robot is constrained into two dimensions
to reduce the complexity of experiment. Hence, the human
co-worker can only move the robot in vertical and horizontal
directions, which are parallel to the monitor.

B. Design of Experiments

Three experiments are designed for verifying the proposed
computational trust model. Fig. 5(a) shows the trajectory that
the robot end-effector needs to track in Experiments 1 and 2.
Fig. 5(b) is for Experiment 3. The big filled red circles represent
objects (or obstacles) located on the trajectory. The white line is
the desired trajectory that needs to be followed. Each of the
experiments starts and ends at the bottom left corner of the
rectangle with clockwise movement.

Experiment 1: This experiment is designed for verifying the
Smoothness Performance model in Section III-C and the Singu-
larity Performance model in Section III-B. In this experiment,
the human subject is asked to move the robot end-effector to
follow the path (shown in Fig. 5(a)) as accurately and smoothly
as possible. There is no limitation on time to complete the
entire path. During the path following, the robot manipulator
will approach and leave singular configurations. Therefore the
Singular Performance model can be verified.

Experiment 2: This experiment is for verifying the Physical
Performance model in Section III-D and Cognitive Performance
Model in Section III-E. The Physical Performance pPW and
Cognitive Performance pCP are mainly affected by the duration
of operating the robot. pPW is also affected by the magnitude
of interaction force. Therefore, the human subject is asked to
move along the path (Fig. 5(a)), which is similar to Experiment
1, but as quickly as possible to ensure that the human subject
exerts a large force while executing the task. Also, the human
subject is asked to move around the path continuously for five
loops to ensure that the duration of Experiment 2 is longer than
other two experiments.

Experiment 3: This experiment is designed for verifying the
Safety Performance model in Section III-A by introducing two
objects/obstacles on the same path in Experiments 1 and 2. Be-
sides avoiding the objects, the requirement on the human subject
is the same as in Experiment 1. However, the human subject is
required to move as fast as possible from the top right corner
of the path toward the top left corner to demonstrate the effect
of the velocity component in (5) on Safety Performance pS .

Fig. 6. (a) The smallest singular valueσmin. (b) The Singularity Performance
pSP . Yellow shaded area is the prediction on whether the robot is heading away
a singular configuration based on (7).

This experiment is also conducted for verifying the combined
models of human co-worker performance in Section III and the
computational trust model in Section II because the variation of
all the performance factors can be observed.

V. RESULTS AND DISCUSSION

All the experiments are conducted by one human subject.

A. Experiment 1 – Verifying the Smoothness Performance
Model and the Singularity Performance Model

1) Singularity Performance: The values of the parame-
ters in Singularity Performance model are ϕ = 0.02, σ+

AW =
0.25, σ−AW = 0.15, σ+

AP = 0.35, σ−AP = 0.25 [14]. The desired
workspace and sensor noise need to be considered when de-
termining the values of σ+

AW , σ−AW , σ+
AP , and σ−AP . When

the values are larger, the amount of configurations regarded as
unsafe movement is larger (Fig. 2(b)), which results in decrease
of the desired workspace. Moreover, if the sensor’s noise is large,
those values should be larger to increase the robustness.

Fig. 6 shows the smallest singular value σmin and Singularity
Performance pSP in Experiment 1. Before 8.5 s, σmin is larger
than σ+

AP = 0.35, hence, pSP ≈ 1 (6). At around 8.5 s, pSP

starts to decrease because σmin < σ+
AP until pSP = 0 due to

σmin < σ−AP at around 14.5 s. After this time, the robot starts
to head away from a singular configuration (yellow shaded
area) which can be seen that σmin starts to increase, then pSP

increases up to 1 instantaneously due toσmin > σ+
AW . It is noted

that (7) successfully predicts whether the manipulator is heading
toward a singular configuration.

2) Smoothness Performance: The smoothness sm in (8) is
calculated through the second time derivative of second degree
polynomial curve fitting of the velocity using the least-squares
method with a time window of 1 s for noise reduction.

Fig. 8(a) shows that sm is much higher at the beginning
of the experiment and at the turning points (corners) of the
desired path (Fig. 7). The human co-worker needs to decelerate
before a turning point and accelerate after passing the turning
point, which causes the unsmooth movement. sm is high at the
beginning of the experiment because the human co-worker starts
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Fig. 7. The blue line corresponds to the actual robot end-effector Trajectory.
The labelled time corresponds to the time when the human co-worker changes
the directions on the corners of the trajectory.

Fig. 8. (a) Smoothness sm. (b) Smoothness Performance pSM . The green
vertical lines correspond to the time when human co-worker changes the
directions at the corners of the trajectory.

to move from rest. In order to show the details of Fig. 8(a), sm
is bounded between [0, 1]m/s3.

Because a human co-worker tends to move with minimum-
jerkiness-profile. sm− should be set to as small as possible
(sm− −→ 0). sm+ depends on whether the requirement on the
smoothness is high or not. In this experiment, the requirement for
smoothness of the human co-worker’s movement is high. There-
fore, sm− = 0.1m/s3 and sm+ = 0.9m/s3 (9). In Fig. 8(b),
the Smoothness Performance pSM decreases correspondingly
when sm increases as long as sm > sm−. It can also be seen
that pSM = 0 when sm >= sm+ at the beginning of the exper-
iment.

B. Experiment 2 – Verifying the Physical Performance Model
and the Cognitive Performance Model

1) Physical Performance: The values of parameters in the
physical performance model are setMV C = 200,Fth = 151.9,
Cf = 10−4 andCr = 2.4× 10−4 which are similar to the litera-
ture [9]. However, the parameters are individual-dependent. The
detailed method for measuring those parameters can be found
in [9].

Fig. 9 shows the magnitude of interaction force ‖F‖, the
maximum isometric force Fmax,iso and physical performance
pPW versus time in Experiments 1, 2 and 3. In Experiment 2,
the human subject applied a much larger force and executed
the task for the longest time (around 40.6 s) because the human
subject is required to move along the trajectory as fast as possible
for five loops. It can be seen that Fmax,iso = 196.16N and
pPW = 0.92 are the lowest at the end of experiments which
represent the highest level of fatigue. The results demonstrate

Fig. 9. (a) Magnitude of interaction force ‖F‖ applied by human co-worker
and measured by force-torque sensor. (b) The maximum isometric force
Fmax,iso. (c) Physical Performance pPW .

Fig. 10. (a) Utilization Ratio r (b) Cognitive Performance pCP in Experi-
ments 1, 2 and 3.

that the Physical Performance model could measure the human
co-worker fatigue level effectively.

Fig. 9(b) shows that the value of maximum isometric force
Fmax,iso starts to reduce from maximum voluntary contraction
(MVC = 200) at the beginning of the experiments. At the end
of the experiments, Fmax,iso = 198.97N, 196.16N, 198.88N
in Experiments 1, 2 and 3 and those values are close to 200
because the durations of all the experiments are short (28.6 s,
40.6 s, 20.4 s), which indicates that the fatigue level of human
co-worker increases slightly.

2) Cognitive Performance: The parameters in the Cognitive
Performance model are subject and task-dependent. The details
for selecting the parameters can be found in [8]. Based on [8],
the parameter values used in this experiment are: p−CP = 0.391,
p+CP = 0.4602, βCP = 0.74 and ar = 0.9991. ar depends on
the system sampling rate. The sampling rate in [8] is 10 Hz,
and the sampling rate for this paper is 125 Hz, therefore,
ar = 0.999928. Because the human subject constantly moves
the robot during the experiment, the control mode is always 1
(M = 1 in (14)).

As shown in Fig. 10(a), the utilization ratio r starts to increase
from 0 when the human subject starts to operate the robot. r
constantly increases during the experiment because r represents
the amount of time the human co-worker has operated the robot.
At the end of the experiments, r ≈ 0.3 in Experiment 2 is the
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Fig. 11. (a) The actual robot end-effector trajectory along the designed trajectory. The blue trajectory refers to the safe movement (max(a1, a2) ≤ a−) and the
green trajectory refers to the unsafe movement (max(a1, a2) > a−) which corresponds to the shaded green regions in Figs. 11(b) and 11(c). The yellow vectors
are the robot velocity vector. (b) Top: The distance between the robot and Object 1 ‖�d1‖ (Object 2 ‖�d2‖). Bottom: the velocity of the robot toward Object 1 ‖�v1‖
(Object 2 ‖�v2‖). (c) Top: The magnitude of the constant deceleration required to stop the robot when it reaches the position to collide with Object 1 a1 (Object 2
a2). Bottom: The safety performance for Object 1 p1S (Object 2 p2S ).

highest because the time the human subject have controlled the
robot is the longest (around 40.6 s). In Fig. 10(b), Cognitive
Performance pCP starts to increase correspondingly from the
lower threshold of cognitive performance p−CP = 0.391. The
reason why pCP constantly increases during the experiment
is that r is smaller than the optimal level of arousal (OLA),
which is when βCP = 0.74. The reason why r and pCP are
the same between 0 s and 20.4 s for the three experiments
due to all the cognitive performance parameters are the same
(ar, p−CP , p

+
CP , βCP ) and the human subject constantly operates

the robot (M = 1 in (14)).

C. Experiment 3 – Verifying the Safety Performance Model,
Human Co-Worker Performance and the Computational Trust
Model

1) Safety Performance: In Fig. 11(a), the green section indi-
cates the period in which the movement of a human co-worker
is regarded as unsafe. The blue section is regarded as a safe
movement. The period of unsafe movement for approaching
Object 2 (0.18 s) is much shorter compared to Object 1 (2.47 s)
because the velocity toward Object 1 is much larger than that of
Object 2 as shown in Fig. 11(b). It can also be seen in Fig. 11(a)
that the length of the robot velocity vector is much longer in
green section when approaching Object 1.

The movement is identified as unsafe only when the robot is
very close to Object 2 (1.15 cm). Therefore, when the velocity is
low, the distance will be the major factor determining the safety
of movement.

Another essential factor for determining the safety movement
is the direction of motion of the robot. At around 15.62 s, the
robot is heading away from Object 1 as shown the yellow arrow
in Fig. 11(a). The movement is regarded as safe even though
the distance between robot and Object 1 is small (0.22 cm) as
shown in Fig. 11(b).

The parameter values selected include a− = 5 cm/s2 and
a+ = 25 cm/s2 ((4)). Similar considerations from singularity
performance (Section V-A1) can be applied on selecting a−

and a+. In Fig. 11(c), the safety performance piS decreases

Fig. 12. (a) Singularity PerformancepSP . (b) Smoothness PerformancepSM .
(b) The combined Human co-worker performance p.

correspondingly when ai > a−, indicating the possibility of
collision starts to increase. It is hard to observe the decrease
of p2S because a2 is a little over the a−.

2) The Combined Human Co-Worker’s Performance: γSM ,
γPW and γCP in (3) are determined by the relative importance.
For this experiment, the requirement on the smoothness of
movement is high. In addition, the duration of experiment is short
which result in the variation of pPW and pCP is subtle. Hence,
we set γSM = 0.8, γPW = 0.1 and γCP = 0.1. pncA is important
because the smoothness requirement of human co-worker is
high, therefore, C = 0.

Fig. 12 shows that p is low at the beginning of the experiment
because pSM = 0 and γSM = 0.8. It can be observed that p
decreases immediately when pS (Fig. 11(c)) or pSP reduces
because they are critical performance factors (3). p < 1 all the
time due to pCP bounds within the interval [0.391, 0.4602] along
the experiment as shown in Fig. 10. The effect of pPW on p
is trivial because the variation of pPW is small (Fig. 9) and
γPW = 0.1.

3) The Computational Trust Model: The trust with different
values of β and N is simulated as shown in Fig. 13 based on the
combined human co-worker performance (Fig. 12). The time
interval of p is bounded into [10 14]s to show the comparisons
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Fig. 13. (a) Trust plots for different values of time window size N when
β = 0.999. (b) Trust plots for different values of β when N = 125.

more clearly. Larger values ofβ andN will result inT becoming
smoother. A good choice of values for β and N should balance
the smoothness and responsiveness of T to p.

VI. CONCLUSIONS AND FUTURE WORK

A computational model of robot trust in a human co-worker
was proposed. This model takes into account many factors
in physical human-robot collaboration, including robot safety,
robot singularity, smoothness of robot motion, and human
physical and cognitive performance. Three experiments were
conducted for verification of all the factors of the model. The
experimental results show that the modelling is appropriate.

Future work includes how the proposed trust model can be fit
into a larger context of trust in human-robot interaction. When
the human-to-robot trust is low, the human’s dependence on the
robot is low. If at the same time, the robot trust in human is
low, the robot may not rely on the human. This may therefore
result in a conflict of intents between the human and the robot
and cause human trust in the robot to reduce further, leading to a
reduction in performance of the combined human-robot system.
Experimental validation of the proposed framework applied to
real-world scenarios is required.

Real-world evaluation requires the proposed trust model to be
integrated with robot control, such as trust-based impedance or
admittance control, or trust-based role arbitration. For example,
in trust-based admittance control, the damping in admittance
control could be adapted based on the level of robot-to-human
trust. When the trust decreases, the damping can be increased
to impede or slow down the human co-worker’s movement. For
trust-based role arbitration, when the robot trust in the human
co-worker decreases to a certain level, the robot may gradually
take control of the collaboration.

The trust model could also be applied to other human-robot
interaction applications such as a teleoperated medical robot.

Smoothness performance could be used to evaluate human co-
worker performance in control accuracy. Cognitive performance
might be an essential factor due to the high demand for attention
during a medical task.
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