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Abstract

In the era of Industry 4.0, manufacturing enterprises are actively adopting collaborative robots (Cobots) in their productions.
Current online and offline robot programming methods are difficult to use and require extensive experience or skills. On the
other hand, the manufacturing industries are experiencing a labor shortage. An essential question, therefore, is: how would a
new robot programming method help novice users complete complex tasks effectively, efficiently, and intuitively? To answer
this question, we proposed HAR?bot, a novel human-centered augmented reality programming interface with awareness
of cognitive load. Using NASA’s system design theory and the cognitive load theory, a set of guidelines for designing an
AR-based human-robot interaction system is obtained through a human-centered design process. Based on these guidelines,
we designed and implemented a human-in-the-loop workflow with features for cognitive load management. The effectiveness
and efficiency of HA R?bot are verified in two complex tasks compared with existing online programming methods. We also
evaluated HA R?bot quantitatively and qualitatively through a user study with 16 participants. According to the user study,
compared with existing methods, HA R?bot has higher efficiency, a lower overall cognitive load, lower cognitive loads for
each type, and higher safety.
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Introduction

With the transforming fourth industrial revolution (Indus-
try 4.0), industrial robot-based automation plays an essential
role in manufacturing industries. Among the various types
of industrial robots, the collaborative robot (Cobot), a new
type of robot, has a human-size scale and works alongside
human workers in a shared, collaborative workspace (Asso-
ciation for Advancing Automation, 2023). The adoption of
Cobot enables flexible production, a lower cost deployment,
and a high return on investment (ROI) (Association for
Advancing Automation, 2023), which supports the growth
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of automation in manufacturing industries, especially small
and medium-sized enterprises. Because of its importance, the
global market of the Cobot is projected to grow from $1.36
billion in 2021 to $16.4 billion in 2028, according to a newly
published report from Fortune Business Insights (2023). One
reason for adopting the Cobot is the improvement of flex-
ibility and efficiency in production. For example, a 2015
paper (Nikolaidis et al., 2015) indicates that human-robot
collaboration achieves better performance in assembly tasks
than entirely automated assembly or conventional manual
assembly. Another driving force for the adoption of Cobots
is the labor shortage. A recent survey showed that 54% of
companies globally report talent shortages in 2019, three
times higher than a decade ago (ManpowerGroup, 2023),
and the shortage became even worse in 2021 due to the
COVID-19 pandemics (Robotics Adoption Survey, 2021).
However, there are still barriers for manufacturing indus-
tries to adopt Cobots (Aaltonen & Salmi, 2019), such as the
lack of knowledge about allocating tasks between Cobots and
human operators, the need for new user interfaces (Uls) and
new programming methods, the concerns about safety, etc.
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Fig. 1 Automatic path planning methods fail to handle complex plan-
ning tasks (see a and b images courtesy of (Rajendran et al., 2019a)).
Our proposed HAR?bot system enabling a human-in-loop path plan-
ning procedure, successfully handles tasks with similar complexity (see
cand d)

The current Cobot is operated either through offline pro-
gramming or online programming (Pan et al., 2012) methods.
The offline method requires the operator to input the codes
and commands using an either text-based or graphical pro-
gramming language. Then, motion planning is generated by
planning algorithms, and verified in a simulation environ-
ment. There is a steep learning curve for operators to gain
high computer programming skills. In addition, the offline
method needs either Computer-aided Design (CAD) models
or the 3D reconstruction of the workpiece and the environ-
ment, to generate collision-free paths. For complex planning
tasks as shown in Fig. la and b, even with the 3D models,
the offline method has a high failure rate to deal with since
the complex obstacles limit the search space of the path plan-
ning algorithms. The online programming, including pendant
teaching and manual leading methods (Todd, 2012), is con-
ducted by the operator while the Cobot is actively running.
Compared with offline programming, online programming
keeps humans in the loop and therefore is flexible to handle
complex cases, for example, in Fig. 1. Nevertheless, it still
requires high shop-floor skills and extensive experience. The
Uls and interactions of the online method are also required to
be improved (Aaltonen & Salmi, 2019). Moreover, the safety
concern is raised since the operator and the Cobot coexist in
the same space without a fence or cage. Therefore, new robot
programming methods are expected to address the aforemen-
tioned issues (Aaltonen & Salmi, 2019).

The Augmented Reality (AR) technique has been intro-
duced in robot programming by augmenting human operators
in the loop of robot programming. AR has the capacity to
bridge the virtual and physical worlds, as it provides the per-
ception of the physical environment and takes advantage of
the richness and flexibility of virtual content. With humans
in the loop, AR-based Human-Robot Interaction (HRI) has
the potential to handle complex tasks (see Fig. 1). Lever-
aging AR, researchers have proposed a variety of interfaces
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for planning robot motion. For example, smartphone-based
AR interfaces are developed for robot programming (Fuste
et al., 2020; Thoo et al., 2021). The safety issue is empha-
sized in human-robot collaboration, where AR is utilized
and has the potential to tackle this problem (Michalos et
al., 2016; Ong et al., 2020; Tsamis et al., 2021). Researchers
also noticed that human operators’ perception and high-level
decision-making abilities could possibly improve the effi-
cacy and efficiency of robot programming tasks (Rajendran
etal.,2019b, a). Although AR-based robot programming has
become araising research topic, there is no existing work that
demonstrates the ability to deal with programming tasks with
complex obstacles that mimic real-world industrial applica-
tions (as the ones shown in Fig. 1). In addition, it is unclear
how the expectations from the industry stakeholders (Aal-
tonen & Salmi, 2019) should be addressed by an AR-based
Cobot programming system. The following research ques-
tion remains open—RQ 1 what are the design guidelines for
the AR-based programming method from stakeholders’ per-
spectives, and how would the AR-based method be realized
based on these guidelines?

To increase the adoption of Cobots, another recent focus is
to lower the cognitive load (Sweller, 2011) in programming
tasks using AR techniques (Yew etal.,2017; Caoetal.,2019).
Cognitive load theory (CLT), proposed by Sweller (2011),
represents the amount of working memory resources to be
used when a person is in a learning process. For a complex
process such as robot programming, it is essential to manage
the cognitive loads of the operator, especially the novice oper-
ator. According to the CLT, there are three types of cognitive
loads: intrinsic, extraneous, and germane. These cognitive
loads are caused by different sources, and therefore, need
to be managed differently (Sweller, 2011). In general, the
intrinsic cognitive load, related to the learning content itself,
cannot be eliminated, but only optimized. The extraneous
cognitive load is related to the ways and methods of pre-
senting the learning contents, and it needs to be reduced. The
germane cognitive load, which is related to the working mem-
ory put into the learning process creating a permanent store
of knowledge, or a schema benefits the information process-
ing, is in many cases desired to increase (Sweller et al., 1998;
Van Merriénboer & Sweller, 2010). Existing research works
related to AR-based HRI (Yew et al., 2017; Cao et al., 2019)
consider the cognitive load as a whole and lack an analysis
of sources of different cognitive loads in the Cobot program-
ming and corresponding strategies. Therefore, the following
research question remains open—RQ2: what are the sources
of each type of cognitive load in the Cobot programming,
and what are the strategies to manage these cognitive loads
in the AR-based system?

To answer these two research questions, we came up with a
set of design guidelines based on the assessment of robot pro-
gramming methods from the perspectives of stakeholders and
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the cognitive load theory. With these guidelines, we proposed
HA R2bot, an AR-based human-robot interaction interface to
keep humans in the loop of complex robot programming tasks
while being aware of different types of cognitive loads. We
verified the effectiveness and efficiency of HAR?bot, and
conducted a user study with both quantitative and qualita-
tive evaluations of HA R%bot. The main contributions can be
summarized as follows:

(1) The design guidelines for the AR-based robot program-
ming method for complex programming tasks come from
both stakeholders’ expectations and cognitive load the-
ory.

(2) A novel AR-based robot programming system for sup-
porting novice operators in performing complex tasks
with the fulfillment of stakeholders’ expectations and the
management of different types of cognitive loads.

(3) A comprehensive user study consisting of quantitative
and qualitative evaluations of HAR?bot with the mea-
surement of different types of cognitive loads.

The rest of the paper is organized as follows: Sec-
tion “Related work™ presents an overview of existing online
robot programming methods and AR-based robot program-
ming systems, along with an explanation of their shortcom-
ings. Section “HA R?bot system design” describes the design
process and guidelines for the HAR”bot. Section “System
implementation” covers the system implementation and
provides details about the system framework, robot program-
ming methods, and interface design. The system verification
is performed and discussed in Section “System verification”,
using two case studies involving two distinct complex tasks.
Following that, Section “User study” presents a user study
with 16 participants to assess the efficiency, usability, cog-
nitive load, and user experience of HA R?bot in comparison
to existing online programming methods. Section “Conclu-
sion and discussion” concludes the paper by summarizing the
findings and highlighting several potential future directions.

Related work
Online robot programming

As defined by the American Occupational Safety and Health
Administration, robot programming methods consist of
online programming and offline programming (Occupational
Safety and Health Administration, 2022). Especially for the
Cobot, online methods including pendant teaching and man-
ual leading are primarily adopted (Schraft & Meyer, 2006).
With online programming, the operator is required to phys-
ically move the end-effector along a path and record several
points on the path, namely waypoints. Then, these way-

points are fed to the path-planning algorithms to produce
the path. The pendant teaching requires the operator to con-
trol the robot’s motion and record the waypoints through
the UI installed on the teaching pendant, while the manual
leading relies on the operator manually moving each joint
to achieve desirable locations. Although both methods are
widely adopted, there are several drawbacks. First of all,
using online methods in a complex environment with obsta-
cles is very tedious and time-consuming (Pan et al., 2012).
Online methods also suffer from a lack of flexibility and
reusability. Even with a slight change, it is required to repeat
the tedious programming process again (Pan et al., 2012).
To address these shortcomings, Kohrt et al. (2013) proposed
a novel cell-based Voronoi generation algorithm for online
programming in industrial applications, emphasizing the pro-
gramming system’s maintainability and reusability. Brunete
et al. (2016) presented an online walk-through path guid-
ance using an external force/torque sensor for programming
robotized machining tasks to reduce the completion time.

Recently, GaSpar et al. (2020) developed a Reconfig-
urable Manufacturing System (RMS) that realized robot
programming by demonstrating practices to reconfigure pas-
sive hardware with robots. Gao and Huang (2019) proposed a
Projection-based Augmented Table-top Interface (PATI) for
programming the manipulator with common gestures and
tools. Chen et al. (2019) used images to control an aerial
robot by recognizing hand gestures. In order to accommo-
date the novice operator who lacks prior robotic experience
and knowledge, the interface and programming method are
evolving toward being more intuitive and assisted.

AR-based robot programming

The Robot Programming using Augmented Reality (RPAR)
techniques provides the affordance for utilizing offline pro-
gramming algorithms without the need for CAD models of
the workpiece and the environment (Pan et al., 2012). The
PRAR also enables an in-situ simulation of the virtual robot
in the real environment.

An AR interface (Thoo et al., 2021) for smartphones was
developed, combining both online and offline robot pro-
gramming methods. By manipulating a virtual robot in the
end-effector space, that interface provides users the ability
to control the robot in real-time as well as program robot
tasks offline. Another earlier work (Fuste et al., 2020) also
enabled robot programming on smartphones or tablets. How-
ever, these methods cannot handle the occlusion problems
in the rendering since there is no depth information esti-
mated and utilized. Besides, the interaction of these systems
is limited because all four proposed control methods rely on
drag-and-drop interaction on 2D planes in the AR scene. Due
to the lack of occlusion rendering and limited interactions,
these methods cannot handle programming tasks with com-
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plex geometry and obstacles. A recent work (Pan et al., 2021)
presents an AR-based teleoperation system with the RGB-D
information provided by the Microsoft Kinect depth sensor.
This system enables the robot’s teleoperation through the
handheld controller and the AR visual feedback. However,
it does not demonstrate the ability to handle robot program-
ming tasks with complex obstacles.

The safety issue is an essential limitation of prosper-
ing Cobots (Villani et al., 2018), since conventional safety
standards separate humans and robots in different spaces
with safety barriers. AR has the potential to enhance opera-
tors’ awareness of safety by visualizing the safe zone of the
robot workspace (Michalos et al., 2016). Therefore, safety
is considered a paramount evaluation for AR-based robot
programming systems, which has been integrated into the
user experience survey as a Likert scale (Ong et al., 2020).
In addition, the enhancement of user safety from AR tech-
nology contributes to the reduction of completion time and
cost (Tsamis et al., 2021).

Spatial awareness techniques, integrated into AR-based
robotics systems, provide different levels of spatial per-
ception. For example, the AR-based robot programming
interface proposed by Fang et al. (2014) displays the 3D
AR scene on a 2D monitor, where the precise depth infor-
mation is lost. As a result, systems like this are unsuitable
for tasks requiring precision. Other automatic spatial percep-
tion methods based on object detection are limited to specific
applications, such as empty plane (Gradmann et al., 2018),
marker placement (Lin et al., 2017), and additional precise
cameras (BambuSek et al., 2019). Additionally, automatic
algorithms for object detection and registration are time-
consuming and hard to perform in real-time (Makhataeva
& Varol, 2020). Recently, Chen et al. (2020) presented a
virtual-physical collision detection method applied in robot
programming, but its performance depends on the appropri-
ate placement of sensors in opposite of the user, a proper
camera angle, and an unobstructed environment.

HAR?bot system design

To design HAR?bot, we followed the NASA system design
process (Aeronautics & Administration, 2019) with four
steps, namely, developing stakeholder expectations, techni-
cal requirements, logical decompositions, and design solu-
tions. We first figured out the key expectations from stake-
holders and then assessed the existing programming methods
using these expectations to obtain design guidelines. Then,
we conducted another assessment from the perspective of
cognitive load theory on the existing programming meth-
ods for more design guidelines. Finally, we came up with
a design solution for HAR?bot, following the previously
obtained design guidelines.

@ Springer

Assessment of exiting methods based on
stakeholders’ expectations

The definition of stakeholder expectations is the initial
process that establishes the foundation for developing the
HAR?bot system. We reviewed the literature about the
expectations of the robot programming method (Fang et al.,
2014; Pan et al., 2012), especially from the industry per-
spective (Brogardh, 2007; Aaltonen & Salmi, 2019). We
summarized these expectations as: Complex Task, Intuitive-
ness, Reusability, Generalization, Efficiency, and Safety. We
assessed the primary existing robot programming methods
with these six expectations, and listed the results in Table. 1.

Complex task

In industrial applications, the environment for the robot pro-
gramming could be complex with multiple obstacles (see
Fig.1a, b), and there could be different production tasks
with a varied environment for the same robot. Therefore, a
collision-free toolpath in a complex environment is expected.
For the offline programming methods, the complexity of
the tasks usually fails the automatic path planning algo-
rithms (Rajendran et al., 2019a,b). The manual leading
method allows a human operator to manually move the robot
arm, set up configurations, and record the path. Therefore, it
has the ability to handle complex tasks. The pendant teach-
ing, enables human operators to pick up waypoints and set
up configurations of the robot using the teaching pendant.
The coordinate system in the pendant teaching is usually
defined in the robot system, and therefore the operator is
always required to trace the coordinate frame when the robot
is moving (Pan et al., 2012). This way of interaction makes
the pendant teaching difficult to handle complex program-
ming tasks.

Intuitiveness

Industries have to recruit more robot operators due to the
increasing adoption of robots. To support the novice robot
operator, the robot programming method is expected to be
intuitive (Brogéardh, 2007). The offline programming method
has a steep learning curve and requires a substantial amount
of effort to pick up, which causes difficulty for the novice
robot operator. Using a teach pendant to jog a robot is not
intuitive since the coordinate system is defined in the robot
system (Pan et al., 2012), which is invisible to the user. The
operator has to track the coordinate system when operating
the robot. The manual leading method relies on the operator’s
manual to set up the configuration angle of each robot joint;
therefore, it is relatively intuitive to use. Nevertheless, the
efficiency and quality of robot motion highly depend on the
understanding of robot arm kinetics and experience in con-
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Table 1 An assessment of exiting robot programming methods and
proposed HA R%bot, from the perspective of stakeholders’ key expec-
tations (Brogardh, 2007; Fang et al., 2014), including Complex Task,
Intuitiveness, Reusability, Generalization, Efficiency, and Safety

Online Programming Offline Programming

Text-based Graphical HAR?bot

g lesang  PgSing  programming
Complex Task \/
Intuitiveness \/
Reusability \/ \/

Generalization \/ \/

Efficiency

Safety v v

SR

figuring robot arms, which is also challenging for a novice
operator to master (Aaltonen & Salmi, 2019).

Reusability

Stakeholders also expect to change the whole or partial exist-
ing paths in different production scenarios (e.g., a new setup
of robots or the same setup with partial paths to be adjusted).
The offline methods provide modularized code blocks (either
in text or graphics) associated with individual steps or config-
urations, which can be edited or reused separately. The online
methods have no such flexibility to reuse the existing paths
and always require the operator to restart the programming
from the very beginning if any change or editing is required.

Generalization

The programming method is expected to be general enough
to handle most programming tasks (Brogardh, 2007). The
offline method can successfully handle programming tasks
with relatively simple obstacles but usually fails to handle
tasks with complex obstacles. The online method, relying
on the operator’s experience, could handle complex planning
tasks if the operator is experienced. However, even the online
method sometimes suffers from tedious operations and trial-
and-error to avoid collisions.

Efficiency

To increase the production rate, the programming method is
expected to be efficient even in a complex environment. For
complex path planning tasks (e.g., the ones shown in Fig. 1a,
b), none of the existing programming methods are able to
handle them efficiently. The offline method suffers from the
increasing difficulty of the search-based planning algorithm

due to the complexity of obstacles, while the online method
requires tedious operations and an extensive amount of trial-
and-error to complete complex path planning tasks.

Safety

There are fewer concerns with the offline method since path
planning and robot operation are asynchronous, and the robot
and the operator usually do not co-exist in the same space.
Using the online methods including both pendant teach-
ing and manual leading to operating Cobots, on the other
hand, receive concerns about the safety from stakehold-
ers (Brogardh, 2007; Aaltonen & Salmi, 2019). There are
concerns partially due to the lack of technologies to ensure
the safety of the Cobot operation (Aaltonen & Salmi, 2019),
such as auditory alarms or visual notifications when the robot
is in motion. Another reason for the concerns is that the oper-
ator lacks confidence in the Cobot’s motion without seeing
it.

Remark 1 The assessment of the existing methods pointed
out the features the proposed AR-based method should have.
Firstly, the proposed method should keep humans in the
loop of the robot programming to deal with complex tasks
and different types of tasks. The proposed method is desir-
able to support the operator in validating the planned path
for a collision-free solution. Secondly, the proposed method
should provide the operator with simple, intuitive, and effi-
cient interactions and Uls to complete the programming
tasks. Thirdly, the proposed method is expected to be able
to keep the planned path and reuse it with necessary editing
and modification. Lastly, adequate safety technologies are
desired to be proposed and implemented with the program-
ming method.

Assessment of exiting methods based on Cognitive
Load Theory

Different types of CLTs

The CLT, proposed by Sweller (1988) in 1988, is related
to the amount of information that the working memory can
hold at one time. CLT is built upon Baddeley and Hitch’s
work about human memory (Baddeley & Hitch, 1974), and it
also views human cognitive architecture as working memory
and long-term memory. The working memory has a limited
capacity and is responsible for direct attention in the learning
process, while the long-term memory has an endless capacity
for storage and works with the working memory to retrieve
information (Baddeley, 2003). Therefore, how to effectively
present information to reduce the workload of working mem-
ory and promote the storage of information from working
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Fig. 2 The end-effector could be located in the same position, but the
orientations of the end-effector are totally different (a). The end-effector
could have the same position and orientation, but the joint configuration
could be totally different

memory into long-term memory is the focus of CLT (Sweller,
2011).

The CLT was further developed, and three different types
of cognitive loads were introduced, including intrinsic, extra-
neous, and germane cognitive loads (Sweller et al., 1998).
Intrinsic cognitive load is associated with the specific learn-
ing contents, which is the inherent difficulty of the learning
objects itself (Sweller et al., 1998). Extraneous cognitive load
describes the load generated by the ways and methods of
presenting the information or tasks. Germane cognitive load
refers to the work put into creating a permanent store of
knowledge, or a schema. It is the elements that aid infor-
mation processing and contribute to the development of
“schemas” (Sweller et al., 1998; Van Merriénboer & Sweller,
2010). Based on the definition of different cognitive loads,
the strategies associated with them should be different as
well. Given the learning tasks are fixed, the intrinsic cognitive
load can not be eliminated completely, but can be optimized
and simplified (Sweller, 1999). The extraneous cognitive
load, related to the ways and methods of presenting the
learning content (e.g., instructional system design, UI and
interaction design, etc.), should be reduced. The germane
cognitive load, on the other hand, is desirable to be increased,
through pre-training, feedback, etc.

Assessment of exiting methods

To understand the different cognitive loads in existing robot
programming methods, We conducted a pilot study with two
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robot operators, including one novice (~ 2 months expe-
rience) and an expert (> 5 years experience). The pilot
study is mainly a semi-structured interview that is centered
on the question: what is the difficulty to program robots
using existing programming methods? Each of the interviews
lasted about 2h and was scripted and coded by 3 individual
researchers. The findings were summarized and categorized
into three groups under each type of cognitive load.

Intrinsic cognitive load The intrinsic cognitive load
for robot programming is relatively high for novices. For
example, it is difficult for novices to understand that an
end-effector can achieve the same position with a different
orientation (see Fig. 2a), and an end-effector can achieve the
same position with the same orientation but totally different
configurations of the robot’s joints (see Fig. 2b). The reason is
that the position of the end-effector is in Cartesian space, but
the orientation and configuration are in angle space, which
is not intuitive to novices. The online method relies on the
operator’s input of the orientation and configuration informa-
tion. The orientation and configuration are also essential to
the search space of the path planning methods and the detec-
tion of collisions. Another challenge for the online method is
the validation of the planned path. Using the online method,
the operator struggles to validate the planned path since they
cannot recall the information about the robot at each way-
point without a visualization. The offline method indeed has
a visualization of the orientation and configuration informa-
tion. However, it requires a time-consuming and complex
3D reconstruction of the physical environment to handle the
obstacles.

Extraneous cognitive load Both online and offline meth-
ods have a high extraneous cognitive load. The manual
leading method requires the operator to manually configure
each of the joints and move the position of the end-effector.
This way of programming heavily relies on the operator’s
understanding of the configuration of the robot and the lim-
itations of each joint. A novice operator will have difficulty
programming a robot using the manual leading method.
The pendant teaching method uses a touch-screen pad or
a joystick to allow the operator to control the end-effector’s
position, orientation, and joint configuration. The UI of the
pendant is usually simple, but the operation of the Ul is indi-
rect to the physical robot’s motion. The novice operator needs
substantial effort to establish the correspondence between
the operations with the Ul and the motion of the physi-
cal robot. The offline method requires skills in text-based
or graphics-based robot programming languages, which has
a steep learning curve and becomes a major barrier for a
novice operator. The existing programming methods also
lack guidance for the operator to deal with problems dur-
ing the programming tasks. For example, using the pendant
teaching, when the joint angles reach the limit, the UI only
displays a warning about failure to further move the robot, but
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Fig.3 The HaRZbot system’s workflow is as follows: an operator pro-
grams a Cobot in three steps. In step 1, several operations, including
defining a waypoint’s spatial pose, adjusting the waypoint, and select-
ing the configuration of the robot joints, will be repeated until enough

there is no specific information for the operator. The novice
operator, therefore, finds it difficult to deal with such cases.

Germane cognitive load In contrast to intrinsic and extra-
neous cognitive load, it is anticipated that germane cognitive
load will increase. Through the interviews with two robot
operators, we noticed that they all motioned that the more
they programmed with the robot, the more fluently they
performed new programming tasks. We also noticed that
two operators mentioned it would be helpful if a mentor
could give them evaluative feedback about their performance.
Another interesting point is that the experienced robot oper-
ator recalled his experience when he was a novice, and it is
quite similar to that of the novice operator. With more knowl-
edge of robotics and more experience in robot programming,
experienced robot operators felt more confident and were
much less challenged by the programming tasks.

Remark 2 The proposed method is expected to optimize the
intrinsic cognitive load by making the invisible orientation
and configuration information of the robot visible and pro-
vide an effective and efficient way for the operator to validate
the planned paths collision-free. In order to reduce the extra-
neous cognitive load, the proposed method should be simple
and able to control the robot intuitively and instantly. Some
assistive instructions and notifications are also desirable to

Virtual Robot Simulation
Toolpath Planning Module

v

waypoints are defined. In step 2, the robot configuration information
is fed into the toolpath planning module, and the toolpath solutions
are computed. In the last step, the operator will check and confirm the
toolpath to ensure it is collision-free and satisfactory

reduce the extraneous cognitive load. Last but not least, the
germane cognitive load could be increased by a pre-training
session and a post-feedback session.

The proposed solution

Based on the guidelines included in Remarks 1 and 2, we
came up with anovel AR-based robot programming approach
with a set of cognitive load-aware features.

AR-based human-in-loop approach

To include humans in the loop, a new workflow of HA R?bot
is proposed, as shown in Fig. 3. The operator wearing an
AR headset is able to define waypoints with a virtual robot
and the physical environment simultaneously. Waypoints can
be added or removed and can be moved freely. Given the
position of each waypoint, the operator can also specify the
orientation of the end-effector and possible configurations
based on the result obtained from the embedded inverse kine-
matic package. After the operator determines the positions
and orientations of all points, as well as the configurations
of robot joints at each waypoint, the path planning solver
will compute a feasible solution. The solution is displayed to
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the operator, and the physical environment with occlusions
is also visualized. The operator, therefore, is able to validate
the planned path and make sure there is no collision. Once
the operator is satisfied with the planned path and presses
on “execution”, the physical robot will follow the planned
path. This planned path can be stored, loaded, and further
edited by the operator. When the physical robot is in motion,
the working zone of the robot will be notified in red (see the
rightmost of Fig. 3), and an auditory alarm will be played.

Cognitive load-aware features

HAR?bot displays the essential information and optimize
the intrinsic cognitive load. The information includes the
position and orientation of the end-effector and the possible
configurations of the robot at a given waypoint. HAR?bot
also displays the virtual robot, the planned path, and the
physical environment with occlusion in real time. This will
optimize the operator’s intrinsic cognitive load on path val-
idation. HA R?bot’s interactions are rather simple, and most
of the operations can be completed through the physical
hand-held controller and virtual Uls. A simple drag-and-
drop interaction can realize a direct operation of the robot,
and any change can be visualized instantly. These interfaces
and interactions will reduce the extraneous cognitive load of
the operator. HAR?bot has the instruction and notification
functions to notify the operator of an error when something
goes wrong, prompt the next step when the one step is com-
pleted, or warn the operator of the workspace of the physical
robot when the planned path will be executed. These instruc-
tions or notifications are in visual or auditory forms, which
help reduce the extraneous cognitive load. The UI design of
HA R?bot follows the principle of flat hierarchies to ease the
effort of the operator to find a function, which further reduces
the extraneous cognitive load. To increase germane cognitive
load, we set up a pre-training session to allow the operator to
get familiar with HAR%bot system and the task. A detailed
user study is conducted to verify the effectiveness of these
features, and it is presented in Sect. 6.

System implementation
Hardware and software setup

The HAR?bot system is developed upon several hardware
systems, including an AR headset and a collaborative robot
arm. The AR headset consists of an Oculus Rift VR headset
and a ZED mini stereo camera. The Oculus Rift headset and
the associated hand-held controller, serving as the base of
HA R?bot, provide an immersive display, tracking, and inter-
actions. The Zed mini camera captures the 3D information
of the environment, and its SDKs enable the 3D data trans-
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mission as well as integration with the Oculus Rift headset.
We chose the AUBO 1i5, an affordable Cobot, as the testing
platform. The AUBO i5 has 6 degrees of freedom (DOFs),
a payload of 5kg, and a maximum reachable distance of
924 mm. The illustration of the full hardware setup can be
found in Fig. 4.

The primary software environment is an integration of the
Robot Operating System (ROS) with the Unity 3D engine.
The ROS system has good compatibility and provides pow-
erful and rich algorithm packages. The SDKs of AUBO
i5 (Aubo Robot, 2023) connect the robot arm with the ROS
system seamlessly. We also established a message communi-
cation protocol between ROS and Unity 3D (Manring et al.,
2020), and therefore, the hardware and the software systems
communicate through such a protocol.

Robot programming method

HAR?bot keeps the human operator in the loop of robot
programming to deal with tasks with complex obstacles.
The operator is able to define the positions of waypoints,
which indicate the positions that the end-effector will pass
through. Besides the positions of the end-effector, the ori-
entation of the end-effector and the configuration of robot
joints also affect the path planning results and collisions with
the environment. Therefore, for two neighboring waypoints,
HAR?bot allows the operator to set up the orientations of
the end-effector and the configuration at each waypoint, and
then, all the information will be fed into the path planning
library, the Open Motion Planning Library (OMPL) (Sucan
et al., 2012), to compute motion plan in between the two
neighboring waypoints. The flowchart of HAR?bot’s robot
programming method is shown in Fig. 5.

The primary difference between HARZbot’s program-
ming method and existing offline methods is that HA R?bot
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Fig. 5 The flowchart of the robot programming method is integrated
with both online and offline programming in HA R2bot system. Green
rectangular boxes are steps processed by human operators. Blue rect-
angular boxes mean processing steps managed by the computer. Green
diamonds are decisions made by human operators

does not require the CAD model or the 3D reconstruction
of the environment. The benefit is obvious: the operator’s
perception is able to figure out a feasible configuration that
will lead to a collision-free path, which is more efficient.
The existing offline method usually has a high failure rate
when planning on a task with complex obstacles, which is
because, without the human operator’s perception informa-
tion, the random search algorithms can easily get stuck trying
to find a feasible solution. Indeed, online programming meth-
ods don’t require a CAD model or 3D reconstruction of the
environment as well. However, they require operators pos-
sessing extensive experience in manual robot operation, and
are not able to leverage the automatic path planning algo-
rithms as HA R?bot does. To support the operator specifying
configurations, we integrated a powerful inverse kinematics
solver, IKFast (Smits et al., 2011), into HAR?%bot system.
IKFast uses analytic methods that can find all possible solu-
tions as well as ensure the consistency of solutions. For the
6-DOF robot arms, there will be at most 8 solutions for a
given end-effector position and orientation. HA R?bot visu-
alizes all possible solutions for the operator to choose from.
We adopted a configuration distance metric that measures
the distance between a configuration at one waypoint and
the configuration at the neighboring waypoint. This distance
is defined as the sum of the angular variations of correspond-
ing joints between two configurations. We rank all possible
configurations in ascending order in terms of configuration
distance, and visualize them also in such an order, to help
the operator make decisions. Note that this function is just

Fig.6 aThe menu interface with instructions remains at a fixed position
in the AR scene, and users apply a virtual raycast starting from the
controller for the interaction; b an upside-down pyramid to represent the
waypoint virtual object, where the top of the pyramid is the position of
the waypoint; ¢ the virtual boundary of the robot workspace is displayed
for safety purposes; d a rotation gizmo as a stereo interactive tool to
rotate the virtual object; e a virtual object can be occluded by a real
object, i.e., the hand is in front of view; f—i the virtual robot with possible
robot configurations is displayed at the same waypoint; j the final path
defined through several waypoints is displayed

a suggestion, and the final decision will still be made by the
operator.

The interaction and Ul design

The interaction of HA R?bot is realized by a virtual ray cast-
ing from a hand-held controller (see Fig. 6a). This virtual ray,
serving as a pointer, enables multiple interactions, including
the interaction with virtual menus and buttons (Fig. 6a), the
interaction with the interface for adjusting waypoints and
the end-effector’s orientation (Fig. 6b, d), and the interaction
with the interface for choosing the configuration of the robot
(see Fig. 6f-i).

An upside-down pyramid is displayed to represent the
orientation of the end-effector at each waypoint (shown in
Fig. 6b). A rotation gizmo helps the operator adjust the ori-
entation of the end-effector, as illustrated in Fig. 6d. Both the
position and orientation of the end-effector are fed into the
inverse kinematics solver to calculate the configurations. The
IKFast Kinematics Solver (OpenRAVE, 2018) from Movelt
Package is integrated into HA R?bot as the inverse kinemat-
ics module. The IKFast can analytically solve the kinematics
equations of complex kinematics chains, which provides sta-
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Obstacles

Obstacles

Fig. 7 Two scenarios were implemented in system verification. a The
robot is desired to travel through four destinations (A-D) in a space
truss structured environment. b The robot needs to move a T-shaped
end-effector from destination A to destination B and avoid collision
within the space truss structure

ble solutions, including all possible configurations of a 6
DOFs robot manipulator as fast as 5 microseconds on recent
computers. The related robot configurations are visualized
for the operator to choose from, as shown in Fig. 6f—i. After
the path is planned, it is visualized for the operator to check
its feasibility, as shown in Fig. 6;.

HA R?bot provides the instructional information to prompt
the operator to get to the next step when the current step is
completed. The operator will be notified with the specific
information displayed if the path planning cannot be com-
pleted, such that the operator is not able to make adjustments
accordingly. During the planned path being executed by the
physical robot, there will be a visualization of the workspace
of the robot as well as an auditory alarm played.

System verification

We verified HA R?bot through the experiments with two pro-
gramming tasks (Task 1 & 2), as shown in Fig. 7. The setup
of these two programming tasks is inspired by Rajendran et
al. (2019a) (see Fig. 1a, b). The first scenario (Task 1) sim-
ulating the application in the automobile industry (Fig. 7a),
has four destinations (A, B, C, and D) located in window-
like spaces. The end-effector (a sphere with a 2-centimeter
diameter), mimicking the welding tool in automobile manu-
facturing, is expected to move from one destination to another
in a certain sequence. The second scenario (Task 2) simulates
a robot moving a T-shaped tool (a 10-centimeter long stick)
from destination A to destination B through a narrow slot
(Fig. 7b).

For each task, there are three steps: the waypoint defi-
nition, the path verification, and the path adjustment. The
waypoint definition requires the operator to define several
waypoints to complete the task. Afterward, it is required to
verify the planned path and make sure there is no collision
of the robot arm with the environment. Lastly, the operator
is asked to adjust the defined path. For Task 1, the operator
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is required to modify the originally defined path in the order
“A-B-D-C” to “A-C-D-B”. Similarly, for Task 2, the opera-
tor originally plans the path in the order “A-B” and needs to
adjust the path due to the presence of newly added obstacles.

The case study, consisting of two complex tasks, is con-
ducted by an expert user with advanced-level knowledge of
both AR and robot programming. The same set of tasks are
completed by the user using the manual leading, the pen-
dant teaching, and HA R”bot. The offline method, requiring
the expensive 3D reconstruction of the environment and hav-
ing a high failure rate with a complex environment, has an
obvious disadvantage compared with other methods. There-
fore, we did not include the offline method in the verification
and following user study. Both the manual leading method
and the pendant teaching method are supported by AUBO’s
tools (Aubo Robot, 2023). To eliminate the randomness in
the experiments, for each task, we did 10 trials (including an
attempted trial of the task and 3 time-recorded trials for each
condition) and calculated the average time for each step (see
Table 2).

From Table 2, we found that the efficiency of HA R%bot is
significantly higher than the other two methods in each step of
the two tasks. For Task 1, using HA RZbot saves 58.2% more
time than manual leading and 48.1% more time than pendant
teaching. Similarly, for Task 2, there is a 54.6% time reduc-
tion from the one using manual leading and a 61.6% reduction
from the one using pendant teaching. We also analyzed the
time for each of the steps for both tasks. In the waypoint defi-
nition step, HA R%bot achieved the most time reduction over
the pendant teaching (46.8% in Task 1 and 64.4% in Task
2). Both the two existing methods spent much more time
than HA R?bot spent in the verification step, where HA R?bot
achieved the most time reduction over manual leading in
Task 1 (77.3%), and the most time reduction over pendant
teaching in Task 2 (50.5%). In the adjustment step, HA R*bot
achieved the most time reduction over manual leading in Task
1 (78.4%), and the most time reduction over pendant teach-
ing in Task 2 (60.8%). In conclusion, HA R%bot effectively
supported the operator to complete the two complex pro-
gramming tasks, and it achieved much higher efficiency than
the two existing online methods, especially for the verifica-
tion and adjustment steps.

User study
Experiment setup

To further evaluate HA R%bot system, we conducted a user
study with 16 participants. This study and the previously
described pilot study have been approved by the Institutional
Review Boards of RIT. Since HA R%bot is expected to support
novice users, we intentionally invited participants without
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Table 2 Completion time among three programming methods for two scenarios

Programming Task 1 time (s) Task 2 time (s)
method Definition Verification Adjustment Overall Definition Verification Adjustment Overall
Manual leading 306 365 417 1088 377 79 289 745
Pendant teaching 530 127 219 876 472 97 311 880
HAR?bot 282 83 90 455 168 48 122 338
prior robot programming experience. We asked each partic- |_|** * * Iﬁ**
. . . 1000 - 1000 - 1000 —
ipant to complete a pre-study survey with questions about
their demographic information before the study. Among the 8001 800 800
16 participants, there are 9 males and 7 females, and they o i v 600 w600
are college science and engineering students. Six partici- g £ £

. . .. = 400 = 400 = 400
pants have prior VR experience, and 4 participants have AR é
experience. These participants were randomly divided into 2 200 200 200
groups (8 in each group): Group A and Group B. Each par- i : : i : : . : :
ticipant was asked to complete programming Task 1 (shown °NP( )“ARZ'"“ °NP(b)“A“"=°‘ °NP( )HAR"""

a C,

in Fig. 7) twice, using HAR?bot and existing online pro-
gramming methods (ONP), respectively. The participants can
choose either one of the online methods, including manual
leading and pendant teaching, or even a combination of the
two. To eliminate any possible bias due to the order of the
experiment, participants in group A were asked to complete
the programming task using HAR?bot first and then ONP,
whereas participants in group B completed tasks using ONP
first and then HA R%bot. Prior to the experiment, all partici-
pants were provided with a pre-training session with 10 min
of introduction and operation instruction for each method
to familiarize them with these methods and the task goals.
The participant has 3 trials to complete the task using each
method. Using a certain method, if the participant cannot fin-
ish the task in 3 tries, the task is considered a failure for this
method.

Metrics

During the study, the completion time, the first-trial suc-
cess rate of the task for each method, and the number of
waypoints each participant defined were recorded. The time
and the number of waypoints indicate the efficiency of a
specific method, and the first trial success rate reflects its
effectiveness. After the study, we evaluated HA R?bot, using
the System Usability Scale (SUS) (Brooke, 1996) and the
UX survey (Fowler & Cosenza, 2009). SUS measures usabil-
ity, and the UX survey assesses the participants’ satisfaction
with the Uls and interaction. To compare the cognitive load
for HA R?bot and ONP, we asked participants to complete the
NASA Task Load Index (TLX) (Hart & Staveland, 1988) and
the Cognitive Load Component (CLC) questionnaire (Nai-
smith et al., 2015). The NASA TLX measures the overall
cognitive load, while the modified CLC measures the cogni-
tive load of each type. Since there are no standard questions

Fig.8 Box and whisker plot of completion time for a the whole popu-
lation, b group A, and ¢ group B

for the UX survey and CLC questionnaire, we developed
our own questions, which are listed in Appendices A (for
the UX survey) and B (for the CLC questionnaire). We also
conducted a post-study interview with each participant for a
qualitative evaluation. The interview questions can be found
in Appendix C.

Statistics
Completion time

We first compared the time for successful completion of the
task using HAR?bot and ONP. We hypothesized that the
HAR?bot system speeds up the programming process for
novice users. The ONP (K Sdistance = 0.1441, p > 0.1)
and HAR?bot set (K Sdistance = 0.1542, p > 0.1
both passed the Kolmogorov-Smirnov normality test, indi-
cating that they follow a normal distribution. Therefore,
we conducted a t-test for differences between datasets. The
descriptive statistics are presented in Fig. 8a. All 16 partic-
ipants spent significantly less time (#(15) = 4.637, p =
0.0003) using the HAR?bot (M = 508, SD = 181) than the
one using the ONP (M = 318, SD = 119). The overall com-
pletion time is reduced by 37% on average using HA R”bot.

For each group (A and B), we ran parametric paired t-
tests, rejecting the null hypothesis (p < 0.05) respectively.
For both groups A (p = 0.0311) and B (p = 0.0062), the
participants spent significantly less time using HA R%bot. To
test the effect of the order, we used a t-test to compare the
completion time of the HA R*bot between the two groups and
found no significant difference (p = 0.03826). Similarly, we
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Table3 Success rate of the first trial of the task for groups and methods

ONP (%) HAR?bot (%) Pop. size
Group A 87.5 75
Group B 75 87.5
Overall 81.25 81.25 16

discovered no significant difference in the time spent using
ONP between the two groups (p = 0.1226).

First-trial success rate

We counted how many trials participants needed to complete
the task. If the physical robot collides with obstacles either
during the planning phase or execution phase, the task is
considered a failure. If the participants fail in the first trial,
they need to conduct the next trial until they complete the
task or reach the maximum number of trials (3 trials). The
first-trial success rate is defined as the ratio of the number of
people who completed the first trial to the total population
size, which is summarized in Table 3. In group A, participants
achieved a higher first trial success rate using ONP, while the
case for group B is the opposite: participants using HA R%bot
achieved a higher first trial success rate. This phenomenon
can be explained by the fact that participants have a better
understanding of the task and programming logic when they
are using the second programming method. Although there
are slight differences between the two groups, the overall
first success rates for the two methods are the same, which
indicates that HAR?bot is as effective as ONP.

Number of waypoints

We hypothesized that using HAR?bot, participants would
define fewer waypoints. The number of waypoints each par-
ticipant defined using each method is presented in Fig. 9a.
The two sets of data for two methods passed the Kolmogorov-
Smirnov test, and the t-test was applied to find the differences
between the two sets of data (shown in Fig. 9b). The result
(p(15) = 4.392, p = 0.0005) indicates that participants
defined fewer waypoints using HAR?bot (M = 5.188,
SD = 0.9106) than they defined using the ONP method
(M = 6.875, SD = 1.746).

System usability and user experience
SUS

We applied standard SUS to verify the usability of the
HAR?bot. The scores of SUS of participants are presented in
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Fig. 10 The SUS scores of HAR?bot with a mean of 74.12

Fig. 10. We observed that the mean SUS score (M = 74.21)
is above average 68 (Brooke, 2013).

User experience

The UX survey (see Appendix A and C) consists of 8
Likert scale questions and 5 open-ended questions. The state-
ments and scores of the Likert scale questions are presented
in Fig. 11. Generally, most participants showed a positive
opinion of the HAR?bot system, considering HAR?bot as
efficient and comprehensible for robot programming. 13 out
of 16 participants perceived HA R%bot as easy to understand.
The majority of participants (13 participants) approved the
advantages of the waypoint definition using HAR?bot. 12
out of 16 participants gave positive feedback about the visu-
alization of the simulation, which is intuitive and easy to
understand for collision avoidance.

Cognitive load
NASA-TLX
The NASA TLX measures the overall cognitive load of the

participants. Both the datasets for ONP (K Sdistance =
0.1710, p > 0.1) and HAR?bot (K Sdistance = 0.1480,
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Fig. 11 The stacked bar chart of the user experience survey responses
of participants
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Fig. 12 a Summary TLX score of participants and b box and whisker
plot of total TLX score between conditions

p > 0.1) passed the Kolmogorov-Smirnov test, and a t-test
was applied. According to Fig. 12, the 16 participants had
a significantly lower TLX score when using the HA R?bot
(M = 28.33, SD = 13.17) compared with the one when
using ONP (M = 42.19, SD =19.55), where ¢(15) = 2.448,
and p = 0.0271. This indicates that HAR?bot effectively
reduced the cognitive load compared with ONP.

CLC

We applied a modified version of the CLC questionnaire with
our questions, inspired by Naismith et al. (2015), to measure
3 types of cognitive loads (see Fig. 13). From the total score of
the result, 16 participants have significantly lower cognitive
load using HA R?bot (M = 1131, SD = 3.114) compared
with the one using ONP (M = 13.63, SD = 0.649), where
t(15) = 2.151, and p = 0.0482. For each type of cognitive
load, the ones associated with HA R?bot are also lower than
the ones associated with ONP. Note that we processed the
scores of germane cognitive load using the full score (5)
to substrate the original germane score in order to have a
consistent visualization in Fig. 13 and to calculate the overall
cognitive load.
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Fig. 13 Summary of the CLC total score and partial cognitive load of
participants using two methods

Qualitative measurement

We conducted a post-study interview with each participant
to further evaluate HAR?bot qualitatively. Particularly, we
focus on the management of the three types of cognitive load.
The safety of programming tasks is also assessed.

Intrinsic cognitive load

Our strategy to optimize the intrinsic cognitive load is making
the invisible information visible and providing instant visual
feedback and simulation with occlusion. The feedback from
the participants proves the effectiveness of these strategies.
One participant (P8) appreciated the immersive visualization
of the robot position, orientation, and joint configurations,
and thought this information was “useful information to help
the planning”. P14 and P16 found the instant simulation of
HA R?bot was quite helpful. P14 thought the simulation was
“easy to understand”, while P16 considered it “convenient,
time-saving, and clear”. Particularly, P16 believed that she
could “gain an understanding of the total movement of the
robot when completing the path planning”.

Extraneous cognitive load

The interaction of HA R%bot received positive feedback from
the participants. P9 felt the interaction with the virtual robot
“sped up the planning task”. P14 also thought that HA R?bot
is “easier to use and friendly for users”. The Uls of HA R?bot
were praised by P14, and he “can easily find what to do
for the next step”. This proved the assistive instructions and
notifications of HA R”bot supported users effectively. On the
contrary, the ONP is considered by P7 to have “a complex
UI”, “it does not provide guidance” and “causes a lot of trou-
bles”. P8 found that “it was hard to jog the robot manually
because the robot is so heavy for her”, and she preferred
HAR?bot because it allowed her to “move the virtual robot
easily”.
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Germane cognitive load

To increase the germane cognitive load, we provided a simple
solution by having each participant take a 10-minute session
of instruction about the system and the programming task.
Even this primitive implementation received positive feed-
back from the participants. P4 and P10 both mentioned that
the instruction from the instructor and the communication
with the instructor were helpful for them “to understand the
programming task”, which agrees with the quantitative eval-
uation of CLC scores shown in Fig. 13.

Safety

From the feedback of participants, we also noticed that
HAR?bot improved the safety of the robot programming.
There are 14 out of 16 participants reported they felt quiet or
extremely safe using HA R%bot. P8 mentioned that the exist-
ing online method made her “feel unsafe”, and the HA R%bot
allowing her to move the virtual robot made her feel safer.
P12 expressed her appreciation for HA R?bot’s visual notifi-
cation of the workspace of the robot and the auditory warning
when the physical is executing the planned path.

During the user study, when users were asked to use exist-
ing online methods, we observed that most users switched
between different methods (manual leading and pendant
teaching) frequently. They usually prefer to use manual lead-
ing for the robot’s large movements in the work cell and apply
pendant teaching for small but more precise movements.
We believe this observation reflects that a single online pro-
gramming method makes it hard to achieve all expectations
of stakeholders, which is consistent with our assessment in
Sect.3.1.

Conclusion and discussion
In this research, we proposed and developed HAR?bot, an

AR-based robot programming system, to support novice
users in performing robot programming in a complex envi-
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ronment. A human-centered design process of human-robot
interaction systems is presented, and a set of design guide-
lines is received through the assessment of existing program-
ming methods from the perspectives of stakeholders and the
cognitive load theory. With these guidelines, we came up with
the human-in-loop workflow of HA R%bot, and the strategies
to optimize the intrinsic cognitive load, reduce the extra-
neous cognitive load, and increase the germane cognitive
load. HAR?bot system was implemented and verified with
two complex programming tasks. The verification results
indicated the effectiveness and efficiency of HA R*bot. Com-
pared with existing online methods, HA R%bot can effectively
support the operator to complete complex tasks with much
higher efficiency. A user study with 16 participants was con-
ducted to evaluate HA R?bot quantitatively and qualitatively.
The study result suggested that HAR?bot has higher effi-
ciency, lower overall cognitive load, lower cognitive loads
for each type, and higher safety.

There are drawbacks mentioned by the participants. The
visualization accuracy is not satisfactory and could lead
to difficulty for the operator in precisely performing the
programming tasks and detecting collisions. In the near
future, we plan to investigate the sources of the errors in the
visualization and propose a potential solution to eliminate
these errors. Some participants complained about the inter-
action using the hand-held controllers, and they preferred the
interaction with their bare hands. Developing intuitive inter-
actions would be a possible future direction to address this
problem. Other participants suggested a more detailed and
intuitive pre-training session and an assistive system during
the path planning process. Our current pre-training imple-
mentation is rather simple and can be further improved. We
believe a more sophisticated pre-training system based on
Al would be a potential solution to support operators and
increase their germane cognitive load.
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Appendix A

AR Robotic Path Planner System User Study

Share your opinions about using the HAR’Bot system for path planning task...

1) How do you rate your interaction with the robot by using the HAR2Bot system?

[ ] [ ] [ ] [ ] [ ]

not at all satisfactory slightly satisfactory mildly satisfactory quite satisfactory very satisfactory

2) How safe do you feel during the robot programming task by using the HAR2Bot system?

[ ] [ ] [ ] [ ] [ ]

not at all safe slightly safe moderately safe quite safe extremely safe

3) How well did the robot execute your desired path?

[ ] [ ] [ ] [ ] [ ]

never follow general direction almost very with small error go all the way

4) How intuitive was the robot simulation?

[ ] [ ] ] [ ] [ ]

not at all intuitive slightly intuitive moderately intuitive quite intuitive extremely intuitive

5) How easy was it to put critical points in the end-effector space?

[ ] ] [ ] [ ] [ ]

not at all easy slightly easy moderately easy quite easy extremely easy

6) How helpful was the motion simulation and visualization for collision-check?

[ ] [ ] ] [ ] [ ]

not at all helpful Slightly helpful Moderately helpful Quite helpful extremely helpful

7) How easy was it to estimate the relative position with the depth rendering?

[ ] [ ] [ ] [ ] [ ]

not at all easy slightly easy moderately easy quite easy extremely easy

8) How easy was the interface to understand?

[ ] [ ] [ ] [ ] [ ]

very difficult slightly difficult neutral quite easy very easy

@ Springer



Journal of Intelligent Manufacturing

Appendix B

AR Robotic Path Planner System User Study

Task: Condition:
Tell us about your detailed cognitive workload after using this system...

Tips : For each question, please circle the option that is most applicable to you.

*  How difficult did you find the programming method?

[ ] [ ] [ ] [ ] [ ]

not at all difficult slightly difficult moderately difficult quite difficult extremely difficult

¢ How complex was the content covered in the robot simulation session?

[ ] [ ] [ ] [ ] [ ]

not at all complex slightly complex moderately complex quite complex extremely complex

¢ How clear was the instructions for the interaction method?

[ ] [ ] [ ] [ ] [ ]

notat all clear slightly clear moderately clear quite clear extremely clear

¢ Howrelevant was the simulation session for real execution?

[ ] [ ] ] [ ] [ ]

not at all relevant slightly relevant moderately relevant quite relevant extremely relevant

* How focused were you during the programming session?

[ ] [ ] [ ] [ ] [ ]

not at all focused slightly focused moderately focused quite focused extremely focused

* Howwelldo youremember each step after the programming task?

[ ] [ ] [ ] [ ] [ ]

remember nothing alittle bit half process almost steps remember all
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Appendix C

AR Robotic Path Planner System User Study

Talk more about your using experience...

*  When you use this AR device, what other information or instructions should be displayed for a
better experience?

e Were there any functions that were difficult to remember, like buttons or processes of

implementation?

e Were there any parts of the system that felt inefficient?

* Doyou have any evaluations about the motion simulation part?

e What does a better training process of the AR system look like?
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