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Abstract: This paper presents the design and implementation of the motion controller
and adaptive interface for the second generation of the UCF-MANUS intelligent assis-
tive robotic manipulator system. Based on extensive user studies of the system, several
features were implemented in the interface that could reduce the complexity of the hu-
man–robot interaction while also compensating for the deficits in different human factors,
such as working memory, response inhibition, processing speed, depth perception, spatial
awareness, and contrast sensitivity. To effectively and safely control the robotic arm, we
designed several new features, including an adaptive human–robot interaction framework.
To provide the user with a less complex and safer interaction with the robot, we added new
functionalities such as ‘One-click mode’, ‘Move suggestion mode’, and ‘Gripper Control
Assistant’. Furthermore, to equip our assistive robotic system with an adaptive User Inter-
face, we designed and implemented compensators such as ‘Contrast Enhancement’, ‘Object
Proximity Velocity Reduction’, and ‘Orientation Indicator’. Results from a multitude of
experiments show that the system is indeed robust, safe, and computationally efficient in
addition to addressing the user’s highly desired capabilities.

Keywords: assistive robotics; system integration; activities of daily living; autonomous
grasping; human–robot interaction

1. Introduction
Assistive robotic technologies are increasingly being used to compensate for limi-

tations in cognitive and/or motor functions to boost the autonomy and quality of life
of persons with disabilities. In addition, they significantly improve the ability of such
individuals to perform activities of daily living (ADLs), including food preparation and
eating, object retrieval and placement, personal hygiene and grooming, dressing, etc. As
such, there is a growing importance given to continually studying and advancing the major
components of assistive robotic systems, including sensory and feedback systems, control
systems, manipulators, user interfaces, speed and efficiency of software architectures, and
human–robot interaction (HRI). To effectively address this growing need, extensive user
studies must be carried out to ensure the usability of assistive robots; these user studies
form a strong foundation from which assistive robotic systems evolve to convincingly meet
the needs of people with disabilities and allow for intelligent human–robot interaction.

Traditionally, robotic assistive devices have offered human-interface modalities such
as joysticks and touchscreens. For individuals with severe disabilities, multimodal body-
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machine interfaces for body and head-motion control have been proposed [1]. This interface
is equipped with a wearable and wireless body sensor network to support inertial mea-
surement units (IMUs) and surface electromyography (sEMG) sensor nodes and translate
the upper-body gestures to control commands. There are other control modalities for
efficient human–robot interaction, such as the utilization of eye gaze [2,3]. The significance
of such modalities is often challenged by the usability difficulties assistive technologies
present, especially for individuals who may have upper-body, extremity, or cognitive
limitations [4,5].

In robotic arm manipulators, such as the ARM (Assistive Robotic Manipulator), users
are required to control the movement of multiple (up to seven) arm segments and the
opening and closing of the gripper segment attached to the end-effector. Even though this
provides a great degree of flexibility, redundancy, and versatility for performing reaching
motions and object retrieval tasks, it requires the ability to control a large number of degrees
of freedom. For many users, this presents excessive cognitive loads which makes the whole
experience tedious and frustrating. To reduce such complexity associated with controlling
robotic devices, some researchers have pursued automation to address this problem [6–12].
In these studies, a user is required to select an object on a touchscreen, and the robotic arm
retrieves the item completely on its own. To further reduce the manual control complexity,
the authors of [13] proposed a novel orientation control algorithm that is more intuitive for
a broad range of users; instead of using the original setting of the end-effector coordinate
frame, the authors define an adaptive end-effector coordinate frame for generating the
end-effector angular motion. Usability testing of this approach showed that the task errors
and processing times are significantly lower than the original orientation control. In another
study [14], an automatic control mode switching algorithm was proposed for the manual
control of an assistive robot. Based on a time-optimal model, this study concluded that
Dijkstra’s algorithm can be used to predict when the robot should automatically change
modes for the user. Although it is not possible to discuss all the rich related literature in
Assistive Robotics, we refer the interested reader to a collection of books, reviews, and
journal and conference articles [15–41].

Although the above methods eliminated some of the user limitations, they did not
address the need for independence, which has been shown to be a highly desired ability
among targeted users. Previous research by our research group has shown that disabled
individuals prefer to retain control over the robotic arm as they have already lost a large
measure of control over their environments. Specifically, we have found that users prefer
to interact with the robot rather than to cede control to the autonomous functions of the
robot. Complete autonomous systems are also shown to be strictly not preferred by the
users because they tend to be sub-optimal and/or error-prone because of technological
limitations. In addition, in separate studies, we identified visual, cognitive, and physical
abilities as critical human factors that affect the performance of a user’s interaction with
robotic assistants. Specifically, it was found that a decrease in dexterity, processing speed,
spatial ability, visual ability, and working memory can result in difficulty interacting with
assistive technology, resulting in increased time on task and higher loading, contributing to
users’ frustration and a degraded sense of autonomy.

The aforementioned challenges and empirical discussions of human factors in en-
gineering and research in [42] have motivated us to design the second generation of
UCF-MANUS with a focus on interactive control. This work builds on and improves the
autonomous functionality built into the first generation of the UCF-MANUS [6,7]. The
flexible autonomy framework pursued here allows users to completely assume the robot
control functionality or share workload collaboratively with an intelligent robotic software
agent imbued with autonomy and situational awareness. Moreover, the needs, abilities,
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and limitations of assistive robot users are also evaluated and applied to the design of
the assistive robot system, developing a system that is cognizant of the user needs and
can carry out tasks effectively, safely, and with minimal physical and cognitive workload.
Our proposed solution also presents an adaptive user interface (UI) that offers multiple
control modalities and compensations customizable to each user’s individual preference
for level of interactivity as well as perceptual, cognitive, and physical limitations. The
work here is novel in the sense that it presents a unique sliding autonomy assistive robotic
system driven in part by underlying Lyapunov-based nonlinear control design and novel
algorithms for situationally aware robotic systems based on state-of-the-art vision, depth,
and haptic sensing.

The remainder of the paper is organized as follows. In Section 2, the system hardware
and software architecture is presented. In Section 3, we present the design and imple-
mentation of the object estimation and motion controller. The adaptive interface design
and implementation overlaid on the bottom layer discussed in Section 3 is presented in
Section 4. In Section 5, we present results and analysis from performance comparison of the
manual and assistive control modes. A discussion of the results is presented in Section 6
while Section 7 concludes the paper.

2. System Hardware and Software Architecture
2.1. System Hardware
2.1.1. Manipulator

The UCF-MANUS assistive robotic system functions in a variable workspace and an
unstructured environment and performs tasks that are highly desired by users, such as
picking up a variety of objects from floor or shelves as well as carrying objects [43]. As can
be seen in Figure 1, our assistive robotic system is based on the ARM (Assistive Robotic
Manipulator) manufactured by Exact Dynamics. The ARM is a robotic arm that assists
people with severe disabilities in their upper limbs. It weighs ~19 lbs. It can carry up to
4.5 lbs of weight in its gripper. It has six translational and rotational degrees of freedom that
allow the robot to maintain the orientation of a grasped object while bringing it back to the
user. The gripper has two hinged fingertips covered with anti-slip material to allow a firm
grasp of almost any object. In addition, the ARM provides a Cartesian-coordinate-based
control in which three principal axes of control are linear and orthogonal. This allows
movement in a straight line besides joint-based control that is responsible for rotational
movements. Furthermore, the ARM can be interfaced with a keypad, a joystick, or even a
computer via its CAN interface.

Figure 1. Manus ARM mounted on a wheelchair (left), a quadriplegic user demonstrating the use of
the UCF-MANUS in UCF’s Assistive Robotics Laboratory (middle) [picture used with permission
from UCF News and Information], and table of specifications for the ARM (right).
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2.1.2. Sensing

For the second generation of the UCF-MANUS, we updated the sensing system on
the gripper. As shown in Figure 2, the gripper system has several embedded sensors
for vision, tactile, force, object slippage, etc. We used the PrimeSense RGBD Camera to
provide a color 3D view of the scene to the user and a depth map for the robot system
(indicating the information relating to the distance of the surfaces of scene objects from a
viewpoint). Using ABS Plastic material, 3D-printed frames attach around the two fingers of
the bare MANUS ARM gripper. The frames were designed with appropriately sized cavities
and channels for mounting and wiring various sensors. The mounted sensors include:
(a) Force sensor mounted on the right finger of the gripper, providing the applied grasping
force to the object; (b) LASER sensor-based slip sensor inserted in the left gripper finger
for detecting the slippage between the object and the gripper [44]; (c) Two sets of optical
gates embedded in the gripper fingers for detecting position of object inside gripper;
(d) Two sets of tactile sensors mounted along both sides of the gripper for providing
collision information between the gripper and its environment.

Figure 2. Sensor embedded gripper with 3D PrimeSense Camera (RGB+D), Force-Sensing Resistor
(FSR), Laser-based Slip Sensor, Tactile (touch) Sensors, and Optical Gates.

2.2. Software Architecture

The overall software architecture is altered from the previous generation [7] to account
for additional modules. C/C++ is employed to implement all the necessary software
modules in the Microsoft Visual Studio integrated development environment. Besides the
compatible libraries utilized in the first generation, additional libraries such as OpenNI
and OpenCV2 have been added to manage the video stream and to facilitate better image
processing. The middleware of the system still employs the server-client communication
protocol using TCP/IP sockets. The server directly communicates with the sensing hard-
ware as well as the GUI and the vision computational modules all of which are treated
as clients. The protocol provides an easy mechanism to add or remove a client without
affecting the remaining components. However, since sockets-based communication re-
quires making copies of the data packets, it is not used for high bandwidth data transfers,
e.g., video frames are shared between different processes through mapped memory—thus,
these types of data are restricted to be local to the machine with the attached visual sensing
hardware. Figure 3 shows a schematic of the overall system integration for UCF-MANUS.
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Figure 3. UCF-MANUS Software Architecture.

3. Assistive Controller Design and Implementation
According to previous usability research, fully autonomous functionality is not entirely

appealing to the user. This propelled us to update the technology and the framework to
enable sliding-scale autonomy during human–robot interaction. Under the modified
human–robot interaction framework, the user can take over robot control at any time
except for special situations. For example, when an object being grasped by the robot is
slipping through its gripper fingers, and the latency inherent in transferring control to the
user or seeking user permission would lead to irretrievable loss of the object from within
the fingers of the gripper, the robot controller is granted primacy for a limited time window
lasting several seconds. The fully manual control and fully autonomous control modes
available in the first-generation UCF-MANUS [6,7] represent the extrema for the flexible
HRI framework adopted in this work. The application of advanced sensing and algorithms
employed in the current generation allows the user to select a desired level of autonomy on
the sliding scale between the two aforementioned limits.

3.1. Motion Control for Safe Grasping

When the object is acquired within the fingers of the gripper, the following process
is carried out to apply the minimum force required to immobilize the object. Since ADL
activities require interaction with novel objects, the exact amount of gripping force is not
known in advance. If the grasping force is too little, the object may slip away; on the other
hand, if the grasping force is too much, the gripper could crush the object. Based on these
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needs, we designed an adaptive algorithm for determining optimal grasping force [44].
This algorithm enables the robot to grasp different objects without crushing or dropping
the object. By utilizing a Lyapunov-based analysis, we designed the control law for gripper
finger velocity vg(t) as follows

vg = κ̂−1(v − k2Fe + Yθ̂ + Ḟdm)

where Fa is the applied gripper force, Fd ≜ µ̂−1(Ŵ + k1v) is the desired grasping force,
Fe ≜ Fa − Fd is the grasping force error, and v(t) is the object slip velocity, while

Y ≜
[
µ̂−1k1 − µ̂−1k1Fa

]
Ḟdm = −

.
µ̂µ̂−2(Ŵ + k1v) + µ̂−1

.
Ŵ

are auxiliary signals. This leads to the following closed-loop dynamics for the object slip
velocity and the force error Fe

mv̇ = W̃ − k1v − µ̃µ̂−1(Ŵ + k1v)− µFe. (1)

Ḟe = v − k2Fe − Yθ̃ + κ̃κ̂−1(v − k2Fe + Yθ̂ + Ḟdm
)

(2)

Here , Ŵ(t), µ̂(t), κ̂(t), θ̂(t) are parameter estimates that are dynamically updated
as follows:

.
Ŵ ≜ γ1v (3)

.
µ̂ ≜ −γ2µ̂−1(Ŵ + k1v)v (4)
.
κ̂ = −γ3κ̂−1(v − k2Fe + Yθ̂ + Ḟdm)Fe (5)
.
θ̂ = γ4YT Fe. (6)

where γ1, γ2, γ3, γ4 > 0 are control gains. To prove stability, we define a positive-definite
function V(t) as follows:

V =
1
2

mv2 +
1
2

γ−1
1 W̃2 +

1
2

γ−1
2 µ̃2 (7)

+
1
2

µF2
e +

1
2

γ−1
3 µκ̃2 +

1
2

γ−1
4 µθ̃T θ̃.

where
˜· denotes an estimation error for the particular parameter. After differentiating (7)

along (1), (2), (3) and (4), simplifying, and rearranging terms, we obtain

V̇ = −k1v2 − µk2F2
e +

[
−γ−1

4

.
θ̂

T
− YFe

]
µθ̃ (8)

−µκ̃
[
γ−1

3

.
κ̂ − κ̂−1(v − k2Fe + Yθ̂ + Ḟdm)Fe

]
.

Motivated by the structure of the bracketed terms in (8), the adaptive update laws for
κ̂(t) and θ̂(t) can be designed as follows

.
κ̂ = γ3κ̂−1(v − k2Fe + Yθ̂ + Ḟdm)Fe, (9)

.
θ̂ = −γ4YT Fe, (10)
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where, as similarly done above, we can utilize a projection algorithm (e.g., see [45]) to
ensure that κ̂(t) > 0. Substituting of (9) and (10) in (8) produces a negative semi-definite
expression for V̇(t) as follows:

V̇ = −k1v2 − µk2F2
e ≤ 0. (11)

It is clear to see from (7) and (11) that v(t), Fe(t) ∈ L2 ∩L∞ while Ŵ(t), µ̂(t), κ̂(t), θ̂(t) ∈
L∞. Based on previous assertions, it is also clear to see from (1) and (2) that v̇(t), Ḟe(t) ∈ L∞.
Thus, one can utilize Barbalat’s Lemma [46] to prove that lim

t→∞
v(t), Fe(t) = 0. From

Figures 4 and 5, we can see that the proposed adaptive grasping force controller can suc-
cessfully stop the slippage and regrasp target objects. Figure 6 demonstrates the deforma-
tion difference between hardware-limited grasping, a flatness-based open-loop adaptive
algorithm applied in the first-generation UCF-MANUS, and the closed-loop adaptive algo-
rithm described here. A video showing the initial grasping, slip detection, and adaptive
regrasping has been made available online [47].

Figure 4. Slip detection and regrasping of a half-filled water bottle. The initial grasping stage lasts
between t = 0 s and t = 5.4 s using an initial grasp force of 1.05 N. Robot starts lifting the bottle
at t = 5.4 s and the algorithm detects slipping at t = 5.7 s at which time the proposed closed-loop
adaptive algorithm activates to stop slipping using final grasping force of 1.26 N [44].

Figure 5. Slip detection and regrasping of a fully filled water bottle. Initial grasping stage lasts
between t = 0 s and t = 5 s using an initial grasp force of 1.05 N. Robot starts lifting the bottle and
slipping is detected at t = 5.7 s at which time the proposed closed-loop adaptive algorithm activates
to stop slipping using final grasping force of 2.2 N [44].
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Hardware
Limited

Open-Loop
Adaptive

Closed-Loop
Algorithm

Figure 6. Half (top) and full Water Bottle (bottom) being grasped with no force control algorithm
(left), open-loop adaptive grasping (middle), and proposed grasping algorithm (right) [44].

3.2. 6-DOF Pose Estimation

While the first-generation UCF-MANUS relied on a library of objects with known
grasping setpoints, the proposed work allows for generating grasping setpoints by utilizing
a novel object 6D pose estimation algorithm, which is based on partial information captured
from a single view using a 3D (depth sensing) camera [8,9]. Specifically, contact regions
are determined based on edge geometric features derived from analysis of the depth map
data. The framework is based on the supporting principle that potential contacting regions
for a stable grasp can be found by searching for (i) sharp discontinuities and (ii) regions
of locally maximal principal curvature in the environmental depth map proximal to the
robotic gripper and within the reachable workspace of the manipulator arm. A depth image
can be shown by a 2D array of values, which is described by an operator d(.)

z = d(r, c), d(.) : R2 → R

where z denotes the depth value (distance to the camera) of a pixel positioned at coordinates
(r, c) in the depth image (Id). Mathematically speaking, our principle suggests a search for
regions holding high gradient property in depth or depth direction values. Gradient image,
gradient magnitude image, and gradient direction image are defined as follows:
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Depth Image: Id = [d(ri, ci)]

Image Gradient: ▽I = (
∂Id
∂x

,
∂Id
∂y

)T

Gradient Magnitude Image: IM = [
√
( ∂Id

∂x )
2 + ( ∂Id

∂y )
2]

Gradient Direction Image: Iθ = [tan−1(( ∂Id
∂y )/(

∂Id
∂x ))]

where gradient magnitude image pixels describe the change in depth values in both
horizontal and vertical directions. Similarly, each pixel of the gradient direction image
demonstrates the direction of the largest depth value increase. Regions showing disconti-
nuity in intensity values in the depth and gradient direction images locally divide the area
into two sides and cause the appearance of edges as shown in Figure 7.

a b

d e

c

f

Figure 7. Applied edge detection on an acquired depth map. (a) RGB image of the scene, Ic (b)
Color map of the raw depth map. White pixels imply non-returned values from the sensor (depth
shadows) (c) Color map of the processed depth map, Id (d) Color map of computed gradient direction
image, Iθ (e) Detected edges before applying the morphological operations (f) Detected edges after
the morphological process, IDE [8].

Since the output of this algorithm is a set of graspable pairs (see Figure 8), further
processing is needed to select a desired pair of grasping edges. To improve the user
experience, a feature score-based automated pair selection algorithm is employed in the
second-generation UCF-MANUS. Specifically, a vector fi ∈ R7 was defined to store the
following set of features for each edge pair

fi =
[

er,i l1,i l2,i n1,i n2,i θz,i
π
2 − θx,i

]
.

Here, er,i is the error of the RANSAC algorithm which represents the quality of the
fitted plane, l1,i and l2,i denote the lengths of each edge, n1,i and n2,i denote the pixel
number of each edge, θz,i represents the angle between the surface normal and z-axis of the
robot base frame, while θx,i denotes the angle of the surface normal and x-axis of the base
frame. In order to make all the scores comparable across different feature pairs, we defined
the normalized feature vector Fi for each edge pair as follows:

Fi = [er,i l1,i/l1,max l2,i/l2,max n1,i/n1,max...

...n2,i/n2,max θz,i/θz,max
π
2 − θx,i/θx,max]

where l1(2),max, n1(2),max, and θz(x),max, denote the maximum value of those features among
all the edge pair candidates. Finally, the highest score is picked as the target graspable edge



Machines 2025, 13, 275 10 of 21

pair, and the estimated 6D position X̂o =
[

x̂o θ̂o

]T
is communicated to the robot control

module as discussed below.

Figure 8. Outcome of the grasp planning algorithm for a complex scene. (Left): Color map of the
direction of Gradient, (Middle): Binary image of detected depth edges, and (Right): Detected grasp
candidates for a parallel gripper [8].

3.3. Motion Control for Object Approaching

In this control mode, the system automatically generates the motion control for the
end-effector to approach the detected object. As shown in Figure 9, the translation axis
controller drives the end-effector to the desired approaching position denoted by x̂d, while
the rotational axis controller keeps the end-effector always pointed at the detected object.

Specifically, once the 6-DOF estimated object position and orientation X̂o =
[

x̂o θ̂o

]T
∈

R6 is obtained from the depth image-based autonomous grasping algorithm as discussed

above in Section 3.2, we define a desired approaching position as Xd ≜
[

xd θ̂o

]T
where

xd ≜ x̂o − xo f f n̂x, n̂x denotes the unit surface normal vector of the estimated object surface,
while xo f f denotes the distance from the object surface to the desired approaching position.
For the translation motion, a position error ex = xd − x is defined based on which the

velocity control input is designed simply as a proportional feedback controller ve = Vl
ex

|ex|
where Vl is the preset (by user) translation velocity for the end-effector.

Figure 9. Gripper orientation control explaining plot.

For generating rotational motion, we designed an algorithm to generate the desired
angular velocities for the end-effector such that the target object always remains in the
camera FOV (Field of View). Specifically, we first defined an auxiliary object-position error
as eo = x̂o − x based on which the desired yaw and pitch angles are designed as follows
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θyd = a tan(
eo,y

eo,x
)

θpd = a tan(
eo,z√

e2
o,x + e2

o,y

)
.

Next , an angle error vector eθ ≜
[

θyd − θy θpd − θp θ̂o,r − θr

]T
is defined based

on which the robot angular velocity input is generated as proportional feedback controller

ωe = Vω
eθ

|eθ |
, where Vω is a preset (by user) angular velocity for the end-effector. Here, θy,

θp, and θr denote, respectively, the current yaw, pitch, roll angles of the end-effector, while
θ̂o,r denotes the roll component of the estimated object orientation θ̂o.

3.4. Motion Control for Robust Object Envelopment

In the previous generation of the UCF-MANUS, the robust approaching algorithm
only compensated for the position error along the end-effector x-axis. Specifically, optical
gates inside the gripper fingers were utilized to stop the robot motion along its x-axis once
the object envelopment by the gripper fingers was deemed sufficient [7]. However, such a
system is not robust to deviations along other axes, which are common to assistive robots
like the UCF-MANUS due to extensive gearing and transmission. Camera calibration and
visual estimation errors can also contribute to this uncertainty. In the current generation,
embedded tactile sensors along the surface of the gripper fingers were utilized to augment
our robust approaching control that can detect collisions and adjust the end-effector trajec-
tory during the final approach. It is critical to note that range limitations on the 3D camera
do not allow for any visual/depth measurements to be made when the end-effector is in
close proximity to the target. This motivates us to augment the 3D-vision system with a
haptic-based system to implement a time-efficient solution to approaching uncertainties.

Specifically, the algorithm works as follows. If the estimation error causes the open-
loop approaching process along the x-axis to fail (for example, resulting in a collision caus-
ing the gripper to push the object), the end-effector retreats to an adjusted pre-approaching
position and re-approaches with a correction accounting for position error along the end-
effector y-axis. Using an object-position estimate obtained from an eye-in-hand camera
system, the system drives the end-effector to reach the pre-approaching position; the end-
effector velocity control only commands the end-effector x-axis velocity to approach the
object until the gripper senses the object is in the gripper. However, due to the kinematic
uncertainty emerging from the robot’s extensive gearing and transmission, the estimated
object position could have a deviation from the actual position. As a result of such estima-
tion error, the open-loop approaching process could fail, for example, pushing the object.
To tackle this challenge, this algorithm generates the adjusted pre-approaching position
based on the tactile sensor feedback. Starting from the initial approaching position xd, an
adjustment vector, Xd,adj = Ladn̂ad, is created for the gripper to retreat, pursuant to every
collision. Here, Lad is a preset adjustment length, while n̂ad ∈ R3×1 is an indicator vector
comprising of ±1 and 0 entries depending on which finger (left/right) or which surface
(top/bottom/front) is involved in the collision. While the approaching velocity command

is designed as va = Vl n̂x, the retreating motion controller is designed as vr = Vl
Xd,adj

|Xd,adj| .
Results from this robust envelopment approach are illustrated in Figure 10.
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Figure 10. Video frames of robust envelopment. (Top left) shows the estimated pre-approaching
gripper position. (Top right) shows the collision between the gripper and the target object. (Bottom
left) shows adjusted pre-approaching position. (Bottom right) shows the final position to execute a
successful grasp.

4. HRI Framework and Adaptive UI Design
Since potential users include a broad set of people with disabilities, the users are

likely to need different modes and levels of assistance. As shown in Figure 11, the user
can control the robot via either manual control commands or assistive control commands.
While assistive control allows the robot’s intelligent software agent to take over all or
part of the control, the user still has overall supervisory control to command the robot.
Furthermore, all system events are classified as one of three different levels: (A) Suggested,
(B) Restricted, and (C) Prohibited. At Level A, the system will make suggestions for hand
or arm movements to effectively reach the desired target in the environment. At Level
B, restricted events include some constraints on robot motion, such as ‘Food may spill if
gripper rolls further’ or sensing of imminent collisions. Here, the robot offers a warning to
the user or even soft resistance to a commanded motion if it recognizes it as deleterious,
but the user is allowed to override such warnings. As for prohibited events at Level C, the
robot offers hard resistance (with user feedback) when it detects the physical motion limits
of the robot or environment collisions.

Figure 11. Human–robot interaction framework.
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4.1. User Interface Overview

To adapt to different users and provide useful compensations for them, a group of the
most significant human factors essential to teleoperating a robot was selected, and compen-
sations were built for those in the UI. The map between assistive function/compensation
and human factors is shown in Table 1. Before the user operates the robot, we provide the
user with a series of tests for different human factors. Then, the system automatically turns
compensation features ON or OFF according to these test scores; however, the users are
able to override these choices at any time. In the adaptive UI, controls are organized by
task. The UI design is shown in Figure 12. The right side of the display has two control
boxes and two functional buttons. The upper box controls all the commands related to
gripper motions, such as opening/closing, rotating the wrist up/down, etc. The lower box
contains all the arm translational motions, such as moving forward/backward, etc. The
‘Assistant’ button toggles the assistant system for Move Suggestions or Click to Approach
compensations but also indicates assistant status. A ‘1 Click’ button is used to control
the ‘Click to Approach’ movement. The middle of the interface has a viewfinder for the
gripper-mounted camera. A black background box provides written feedback on the cur-
rent state of the system (such as ‘Found the Object, Ready to Assist’) or a warning message
(such as ‘Environment Collision’). On the left side of the interface, preset arm position
buttons are provided which can allow users to quickly navigate the arm to one of many
commonly needed positions. A SpaceMouse mode icon informs the user of the current
mode of the SpaceMouse by both text and sign. The other three buttons allow for control of
compensations for different human factors. The ‘Contrast Enhancement’ button can switch
between three different enhancement levels, namely ‘OFF’, ‘LOW’, and ‘HIGH’. The ‘Robot
Speed’ button can switch between four speed options, namely ‘low’, ‘medium’, ‘high’, and
‘auto’. The ‘auto’ speed mode is ‘Object Proximity Velocity Reduction’ in Section 4.3.2. The
‘Assistive mode’ button is for movement suggestions; the user can select this mode to be
one of three choices: ‘off’, ‘Button only’ and ‘Button + Voice’. In the ‘Button only mode’,
the system will highlight the suggested movement button as a reference for the user. In the
‘Button + Voice’ mode, the system will read out the suggested button when the button is
just highlighted.

Table 1. Compensation map with evaluation for deficiencies. (WM: Working Memory; RI: Response
Inhibition; PS: Processing Speed; DP: Depth Perception; SA: Spatial Ability; CS: Contrast Sensitivity.)
‘++’ and ‘+’ stands for ‘most appropriate’ and ‘may be useful’, respectively.

Dexterity WM RI PS DP SA CS

Finger Wrist Arm Head/Neck

One-click to approach + + + ++ + +

Safe Grasping ++ + +

Move Suggestion ++ ++

Orientation Indicator ++

Object Proximity Velocity Reduction + ++ ++ ++

Contrast Enhancement ++
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Figure 12. UCF-MANUS Adaptive User Interface.

4.2. Movement Suggestion Mode: A Finite Machine-Based Design

As part of sliding-scale autonomy, besides the fully manual and fully autonomous
approaching control, the user is provided with a movement suggestion mode. Under
this suggestion mode, the user can operate the robot manually, while the assistive robot
system proffers possible movement suggestions for the user in case they are having trouble
reaching the object. Specifically, in the suggestion mode, we define a configuration error

eX = X − Xd, where X =
[

x θ
]T

∈ ℜ6 is the current configuration of the end-effector.
Since the user can only control one axis each time, the minimum (in general) number of
operations for the end-effector to reach the desired pre-approaching position is six. Even
though the final configuration required for the robot is the desired configuration, it is
possible that the object, during the movement operation, may move out of the camera
field of view (FOV) due to a particular sequence of movements in a certain axis or group
of axes. To keep the object always in view, we design a finite-state machine to generate
the suggested movements. As shown in Figure 13, each block represents one movement
suggestion. We sort the motion in the six axes into three different groups. The condition
for switching to the next group/state is when the group/temporary desired position is
reached. The only exception for the state changes is the collision warning. If the desired
position leads the robot arm to collide with the camera, the system will change to the next
state to avoid this potential collision. To make sure that the final position is reached in all
axes after the third group’s desired position is reached, the system will check whether all
the final desired positions have been reached or not. If not, the suggestion will switch to the
first state. Otherwise, a failure state is generated to notify the user to manually approach
the object.

To generate the desired position when the system switches states, a temporary desired
position will be calculated. Since we have the estimated position of the target object, we can
use the camera model and camera position to calculate the pixel position of the object in
the camera view. Before suggesting the motion, the algorithm will first calculate the object
pixel position of the temporary waypoint

Xd,i = Xi − NeX,i,
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where N = diag{x, y, z, yaw, pitch, roll} is an indicator vector for the suggested axis such
that in N, the value of the suggested axis will be 1, and the rest are set to 0. Here, eX,i is the
position error at the beginning of the ith iteration of the suggestion. Then, we can have the
object pixel position ri, ci as follows:

ri = fx
xd,i

zd,i
+ or

ci = fy
yd,i

zd,i
+ oc

where fx, fy, or, oc are intrinsic parameters of the camera. Based on the predicted object
pixel position, it can be determined if the object will continue to remain in the camera FOV
or not. If the temporary desired position Xd,i is projected to lose the object from the camera
FOV, an updated temporary desired position is obtained as

Xud,i = Xi − NeX,i/kc,

where kc ∈ N is a coefficient to update the temporary desired position. Next, the system
compares the object pixel position with the temporary desired position. Then, if appropriate,
the temporary desired position is assigned to the final desired position.

Figure 13. Move suggestion finite-state machine. Each block represents a move suggestion; arrows
indicate state transition.

4.3. Design of Compensations
4.3.1. Contrast Enhancement

Users with visual contrast sensitivity deficiency may have difficulty perceiving objects
seen in the camera view. It could also affect the depth estimation of the user. To compensate
for the visual contrast sensitivity deficiency, we convert the view from RGB color space
to HSV color space to change the saturation and brightness of the picture, including the
background and the foreground, which in turn enhances the contrast of the view. As such,
this compensation artificially amplifies the contrast of a scene in the UI view. Furthermore,
the user has the ‘low’ and ‘high’ options for the level of enhancement. Figure 14 shows the
view without contrast enhancement and the enhanced view.
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Figure 14. Camera view contrast enhancement. (Left) figure is the normal view from the camera,
(right) figure is the contrast-enhanced view.

4.3.2. Object Proximity Velocity Reduction

Difficulty in motor control, as well as decreased processing speed, can lead to difficul-
ties making fine movements required near objects. To account for this, the arm movement
is segmented into operations requiring fine motion (close to objects) and gross motions
(far from objects). The arm will operate at a slower speed when it detects that it is near
an object, thus allowing for greater decision and reaction time for the user. Distance from
the gripper to the object is obtained from the RGBD camera. This velocity reduction can
also be selected manually; specifically, it has three speed options, namely, ‘slow’, ‘medium’,
and ‘high’.

4.3.3. Orientation Indication

Users with deficient spatial orientation or visualization ability may have difficulty
determining the position of the arm or gripper, including its relationship to the object they
wish to manipulate. This may be magnified by the user’s limited dexterity and difficulty
with controls. In settings with limited visual references, it may be difficult to determine the
orientation of the gripper. The orientation indicator provides an artificial horizon, as well
as a gripper position indicator.

5. Results
To test the effectiveness of these assistive modes, we tested them with pick-and-place

tasks five times under each mode. The manual mode data are collected with an able-bodied
and experienced user, so the manual mode data could be used as a benchmark for the upper
limit of performance for any user (whether with or without a disability). The comparison
for all three modes of the end-to-end task is shown in Table 2. The end-to-end operation
under one-click mode and move suggestion mode is shown in Figures 15 and 16. It can be
seen that the ‘move suggestion mode’ and ‘one-click mode’ both need extra time to detect
the object. However, for the manual mode, we cannot simply separate the observation time
during operation. So, we compare the ‘object detection’ and ‘Reaching the object’ phases
together, i.e., through the addition of columns 2 and 3. The manual mode averages 24.2 s.
The one-click mode averages 30s, but the move suggestion mode averages 57 s. The move
suggestion mode costs more time, but only because of a programmed delay of 2.5 s before
the move suggestion comes on; if needed, this delay can be turned off. The one-click mode
costs slightly more time than the manual mode, but the number of commands is reduced
from 10 to 4. The suggestion mode costs more time due to the programmed delay, but the
average total commands are similar to the manual mode. After reaching the object, the
‘grasp and lift’ basically costs the same time and the same number of operations. For the
overall performance, the one-click mode used the minimum number of commands and
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slightly more time than the manual mode, and the user has supervisory (single-switch
active latch) control of the robot during the whole process. The move suggestion mode
costs more time than the manual mode, but it can keep the total commands at the same
level as the manual mode. It can still reduce the control complexity for users who lack
experience or have deficits in working memory or spatial ability.

Figure 15. Video frames of the autonomous grasping. (a) Beginning of the process, the system is
locating the object. (b) The system found the object. (c) User using the ’Click to Approach’ button to
activate autonomous motion. Gripper is reaching the object automatically. (d) Gripper reaches pre-
approaching position, starts to approach object. (e) When object is enveloped by gripper, algorithm
will stop approaching motion, and ask user to initiate gripper closure. (f) User closes gripper and
picks the object.

Figure 16. Video frames of the move suggestion mode. (a) Object detection start. (b) Object detected.
(c) Suggest move up. (d) Suggest move left. (e) Suggest pan right (break down the left motion to
prevent loss of object from camera view), (f) Suggest move left again. (g) Suggest move forward.
(h) Reach the object, user starts approaching the object. (i) Grasp and lift the object.
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Table 2. Assistive mode comparison.

Object Detection Time Reaching the Object Grasp and Lift Total Time Total Commands

Manual Mode 0 s 24.2 ± 1.4 s 3.9 ± 0.18 s 28.1 ± 4.1 s 10.6 ± 2.4

Move Suggestion Mode 16 ± 1.7 s 41.2 ± 0.9 s 4.4 ± 0.55 s 62 ± 2.7 s 10

One-Click Mode 14 ± 2.2 s 16.7 ± 0.5 s 4.1 ± 0.3 s 34.9 ± 2.12 s 4

6. Discussion
It is well known that excessive dependence on tactile sensors can introduce additional

complexity. These sensors require accurate calibration procedures in general. However, in
the UCF-MANUS, the FSR measurements are utilized inside an adaptive control algorithm
that finds the system equilibrium and the required force based on the system dynamics.
Thus, if it is out of calibration, it will report inaccurate force readings but the applied force is
still the minimal force that is required to immobilize the target object. An additional cause
of system errors is due to camera internal and external calibration errors. While the RGBD
camera-in-hand used in UCF-MANUS does benefit from standard calibration procedures,
there is nevertheless a residual error in locating the robot end-effector. This is taken care
of through Robust Object Envelopment motion control algorithm described above that
compensates for residual errors along all three axes of the end-effector. Overall, all sensors
utilized in the foregoing development are calibrated at the time of incorporation into the
system and periodically; however, the system hardware and algorithms are designed to
make the overall system robust to residual sensor calibration errors.

7. Conclusions
The UCF-MANUS system is a generic pick-and-place assistive robot that can be

harnessed for completing various ADL tasks useful to individuals with disabilities. It
can be compared and contrasted with several commercial assistive robots, most of which
are specialized for particular tasks [48]. For example, the feeding robot Obi can feed an
individual in nearly any position and can be multimodally controlled by any part of the
body that can activate a switch. Another example is the Lean Empowering Assistant (LEA)
robot, which is a walker capable of autonomous navigation. It can react intelligently to
various environmental conditions. Panasonic has demonstrated a robotic hair-washing
assistant that can apply shampoo and hot water and gently massage the user’s scalp. The
meal-assistance solution HAL proposed in [49], the haptics- and vision-based intelligent bite
acquisition and bite transfer strategy proposed in [50] and a versatile scooping/skewering
system based on the Willow Garage PR2 robot in [51] are significant advancements over
earlier feeding devices (e.g., Handy [52], MySpoon [53]) in that they can be used in relatively
unstructured settings due to their computer-vision-based capability to detect the location
of the food and the mouth.

To conclude, we have discussed the design and implementation of the assistive con-
troller and adaptive user interface of the UCF-MANUS 2.0 assistive system. In addition,
we presented the new features that are implemented to compensate for the selected human
factors, which cover dexterity, working memory, response inhibition, processing speed,
depth perception, spatial ability, and contrast sensitivity. By providing a multimodal hybrid
interface, UCF-MANUS 2.0 takes a big step toward the provision of universal access. The
sliding autonomy interface allows users to easily and at any time switch between three
modes: Manual, One-Click, and Move Suggestion. Following experimental results, we
showed that the one-click mode can reduce the reaching time by ~31% and the command
complexity by ~62%. Thus, the one-click mode reduces the complexity and time signifi-
cantly, while the move suggestion mode makes sure that the number of user commands
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matches that of an able-bodied, experienced user. However, the object detection time is
higher than in the manual mode, and it consumes at least 25% of the whole processing time.
This can be improved by implementing the algorithm in other programming languages
or on GPU-based platforms. In the future, we will run user studies with subjects with
disabilities and analyze the performance for all the features while also optimizing the object
detection time so as to further improve the user experience.
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