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Abstract— With the widespread adoption of robots in high-
mix, low-volume manufacturing, and the challenges posed
by long-horizon assembly tasks, we introduce the RADAR
system—an integrated human-robot collaboration system for
Robotic Assembly by Demonstration via Augmented Reality.
Existing frameworks lack a comprehensive, cross-task frame-
work for effective assembly collaboration, limiting their appli-
cability in complex tasks. We designed the RADAR system’s
conceptual model, detailing its workflow and components.
The system integrates human input into robotic metal beam
assembly through augmented reality interactions and inter-
faces. We also developed a task planner that dynamically
adjusts human-robot assembly tasks at coarse-fine resolu-
tions. Validating through practical scenarios, particularly the
RAMP assembly benchmark, showed that human involvement
significantly enhances assembly precision and success rates,
proving RADAR’s effectiveness and efficiency in human-robot
collaborative assembly.

I. INTRODUCTION

The rise of Industry 4.0 and 5.0 is boosting the use
of industrial robots in manufacturing, especially for Small
and Medium-sized Enterprises (SMEs), enabling Intelligent
Manufacturing and production processes. While robots are
being introduced across various shop floors [1] for tasks
such as assembly, material handling, welding, polishing,
and painting [2], enhancing the flexibility and adaptability
of robots remains a challenge for High-Mix Low-Volume
(HMLV) manufacturing [3].

Human-robot collaboration (HRC) is considered a pivot
for enhancing flexibility and adaptability from human in-
volvement. Robots automate repetitive and physically de-
manding tasks and replace humans in hazardous or ex-
treme working environments [4]. Given that the high-level
cognitive and decision-making abilities of human workers
still surpass those of robots [5], humans still play a crucial
role in instructing robot manipulation, overseeing production,
and handling complex tasks. In recent research, Augmented
Reality (AR)-based HRC interfaces have been shown to
be promising as they bridge the gap between humans and
robots [6]-[8], provide bidirectional communication [9], [10]
and enable robot learning from demonstration (LfD) [11].
With the progress that has been made, some recent AR-based
HRC systems primarily concentrate on handle long-horizon
tasks, such as [12]-[14]. In literature, the long-horizon
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task usually refers to a task that involves multiple sub-
tasks/subgoals and the manipulation of several objects [15].
It requires a vast amount of possible action sequences and
decision-making [16]. Moreover, the design of existing AR-
based HRC systems is still task-specific and lacks systematic
consideration. The paradigm of AR-based HRC and the
associated system components across different tasks remain
unclear. Therefore, the remaining research question is: What
should the AR-based HRC system for long-horizon assembly
tasks look like? To answer this research question, this paper
presents a system design for an AR-based HRC interface,
introduces a coarse-fine dual-level task planner for long-
horizon tasks, and validates the approach with a robotic as-
sembly task. The detailed contributions are listed as follows:

o We present the Robotics Assembly by Demonstration
via Augmented Reality (RADAR) system—a new
paradigm for AR-based HRC assembly systems
(Fig.1(a)), consisting of both the conceptual design of
a cross-task framework and key components for long-
horizon tasks, along with its realization of a metal frame
assembly task.

o We propose a task planner that divides tasks into coarse
and fine levels, leveraging human high-level decision-
making abilities at both levels to enable rapid program-
ming and effective mitigation of failures in complex
assembly operations.

o We validate the RADAR system with the RAMP as-
sembly benchmark [17], demonstrating its superiority
through higher success rates and enhanced efficiency.

II. RELATED WORKS
A. Robot-assisted Assembly

Existing fully automated robotic assembly is still challeng-
ing [18] as it suffers from the automated algorithms’ holistic
understanding of planning and the difficulties in executing
certain steps. Human involvement, therefore, is introduced to
teach robots new skills through learning from demonstration
(LfD) methods. In literature, there are different types of LfD
methods [19], including kinesthetic teaching [20], teleop-
eration [21], and passive observation [22]. These methods
are limited to specific tasks or robots and lack a high-level
understanding of long-horizon tasks. To tackle complex and
long-horizon tasks, Lee et al. [23] introduced a virtual IKEA
furniture assembly environment to test the performance
of Reinforcement Learning (RL) and Imitation Learning
(IL) based algorithms. Yet, evaluating virtual environment-
developed algorithms in physical settings faces challenges
due to the heterogeneity of hardware configurations and the
limitations of standardized benchmarks.
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Fig. 1: Overview of the proposed RADAR (Robotics Assembly by Demonstration via Augmented Reality) system,
highlighting its key components: (a) hardware configuration, (b) user’s Augmented Reality interface, (c) demonstrate the robot
with constraints; (d) human involvement in peg insertion, and (e) button-based control for fine-grained robotics operations.

There is a critical need for optimization algorithms to
devise efficient assembly sequences. Assembly predicates,
representing constraints, significantly influence sequence
generation [24]. Optimization methods include library-based
solutions, learning from human demonstration, and learning
by exploration. For example, Zhang et al. [25] enhanced
robot task planners with explicability and predictability. Sten-
mark and Topp introduced a programming-by-demonstration
approach for creating and refining robot program compo-
nents [26]. Mollard et al. proposed a method integrating
learning from demonstration to detect constraints, decompose
subtasks, and learn hierarchical assembly tasks [27]. It is
necessary to develop a comprehensive framework for robot
assembly, which should integrate library-based task plan-
ners, facilitate learning from human demonstration, and au-
tonomously address complex problems through exploration.

Robot assembly involves manipulating components in
discrete subtasks like peg-in-hole insertion, slide-in-the-
groove alignment, bolt screwing, pick-and-place maneuvers,
and pipe connection [28]. However, intricate tasks such
as screwing and flipping require specialized end effectors.
Knepper et al. [29] developed modular tools for such tasks,
advocating for collaborative robot use, whereas Dhanaraj et
al. [30] proposed human intervention integration. Precision-
centric tasks like gear assembly and peg insertion require
closed-loop control mechanisms drawing from force/torque
measurements [31], computer vision [32], or CAD mod-
els [33]. With the reviewed remarks, our objective is to
optimize human involvement to the greatest extent feasible,
diminishing reliance on specific tasks, thus augmenting the
efficiency of general robot assembly.

B. AR-enhanced Human-robot Interaction

Integrating human input in autonomous robotic assembly
shows promise for handling complex tasks efficiently. HRC
systems leverage individual strengths [34], with humans ex-
celling at decision-making and error correction. AR has been

proven to effectively facilitate interaction and information
exchange between robots and humans, thereby enhancing
the efficiency of HRI [35]. AR benefits HRI by improving
safety in shared workspaces, facilitating communication of
robot intentions, and providing intuitive interactions [36]-
[40]. Additionally, AR simplifies robot programming tasks,
supports real-time communication, and aids in teleoperation,
thus improving robot adoption in industries [3], [41]-[45].

Recent advancements in AR have garnered interest in its
application within Human-Robot Interaction (HRI) and col-
laborative assembly processes. Notable innovations include
improvements in LfD, such as hand-tracking for robot tra-
jectories [46], task-level constraints [47], and visualizations
of robot-learned skills [11]. However, a cross-task AR-based
framework for complex tasks remains an unanswered ques-
tion. Meanwhile, several studies have explored integrating
AR into collaborative assembly. Makris et al. [48] utilized
AR to enhance safety mechanisms and provide production-
related information. Luxenburger et al. [49] investigated
AR as a communication tool for hybrid teams in aircraft
assembly. Initial demonstrations of AR’s application in the
collaborative assembly were conducted by Danielsson et
al. [50], and Kousi et al. [51] developed software to sup-
port operators using mobile robots. Still, these approaches
have limitations: They frequently concentrate on application-
specific tasks rather than addressing the broader systemic
integration of human and robotic components, and they
tend to emphasize assisting human operators over fully
exploiting the potential capabilities of robots. Moreover,
the attainment of precision in control and the execution
of intricate operations present challenges, influenced by
hardware visualization and tracking [52], accurate visual
representation [53], control interface precision [54], and the
adequacy of feedback mechanisms [55]. These combined
factors create a gap in AR-based systems for real-world
manufacturing applications.
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III. PROPOSED SYSTEM
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Fig. 2: The overview of RADAR system. The RADAR
system supports robot learning from demonstration using AR
for both coarse and fine level tasks. With assistance from
the planning library, task results are executed, and skills are
represented.

A. System Design

RADAR system builds upon previous research [39], [56]
by developing a framework for robot learning from demon-
stration using AR, as depicted in Fig. 2. A typical workflow
of the RADAR system starts with a Task Planner supported
from the Assembly Task Planning Library. Subsequently, the
Task Planner divides the tasks into coarse-level tasks, re-
quiring fewer human demonstrations and less precise human
manipulations, and fine-level tasks, necessitating more hu-
man demonstrations and greater precision in manipulations.
Both the coarse and fine-level tasks are completed by humans
through the AR Interface, which visualizes the planned tasks,
the perception of the environment, and the robot, and enables
human interactions to complete demonstrations, provide con-
straints, and handle failures. The Robot Motion Planning
Library generates the motion trajectories and kinematic
information for the robot to move, subsequently verified
by humans through the AR interface. Finally, once humans
verify and confirm the current plan, the robot executes the

Stereo Camera Human Interaction &
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planned motion to complete the task. This process is repeated
until the whole task is completed. RADAR also collects
human demonstrations, constraints, and failure handling, and
stores them as the Learning Info Output for potential artificial
intelligence (AI)-based LfD methods.

B. System Implementation

Following the system design, we deploy the RADAR
system depicted in Fig. 3. A Video See-Through (VST) AR
is applied in RADAR, utilizing a stereo camera (ZED mini)
affixed to the front of a Virtual Reality (VR) headset (Meta
Quest). The main system operates on a Personal Computer
(PC), with the Unity 3D platform serving as the graphical
processing engine and ROS (Robot Operating System) for
driving an xArm 6 robotic arm with its two-finger gripper.
The laptop is equipped with an Intel i7-9850H @ 2.60GHz
processor, 16GB of RAM, an NVIDIA Quadro RTX 4000
GPU, and the Windows 10 Enterprise operating system.

C. Interactions & Uls

Two levels of interaction are enabled in the RADAR
system (see Fig. 4): coarse and fine. Once the Task Planner
has divided the tasks into both coarse and fine levels, users
are asked to interactively complete these tasks. At the coarse
resolution level, operators can readily demonstrate subtask
organization, specify constraints, and take over in failure
scenarios. In subtask organization mode, they can specify
and modify the sequence of subtasks using mid-air hand
gestures to drag the subtask widget. In constraint definition
mode, operators can define constraints to precisely specify
the orientations of gripper for subsequent pick-and-place
actions. In the event of a failure, users can mark the subtask
failure and take over control and manually command the
robot’s operations, which makes the subtask into a fine-
level. At the fine resolution level, a standard learning-from-
demonstration category [19] is implemented within the AR
interface, including teach pendant, teleoperation, and passive
observation methods. Teach pendant enables users to guide
the robot through desired motions using a virtual teaching
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Fig. 3: The RADAR system deployment structure. The RADAR system is deployed using a VST AR setup with a ZED
mini stereo camera on a Meta Quest VR headset, running on a PC with Unity 3D and ROS to control an XxArm-6 robotic

arm.
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pendant interface. Teleoperation is integrated with hand-
tracking control, offering six degrees of freedom (DOF) for
manipulating the end-effector. Passive observation involves
collecting user actions during task execution, focusing on
specific aspects such as target selection and loading area
identification, even when the user’s attention is only partially
engaged. All aforementioned demonstrations are facilitated
through the AR interface and virtual widgets. A user-centric

Subtask organization Constraint definition Error correction

Fig. 4: AR demonstration methods in RADAR system:
Coarse resolution for organizing subtasks, defining con-
straints, and correcting errors; Fine resolution for robot con-
trol via teach pendant, teleoperation or passive observation.

AR interface is developed to enable efficient human-robot
interaction for the assembly task, as shown in Fig. 1(b-e).
This interface provides users with visual guidance for sub-
tasks and robot attempts. Users can physically demonstrate
the virtual robot, such as peg grasping with correct orien-
tation (Fig. 1(c)), and precise peg insertion (Fig. 1(d)). To
simplify user demonstrations, virtual widgets and buttons are
created for user’s interaction (Fig. 1(e)). To achieve precise
control, we first align the virtual robot workspace with the
real-world workspace using fiducial markers, as described in
our previous work [56]. The ArUco markers placed on pre-
assembled beams serve the dual purpose of synchronizing
their virtual counterparts for the headset camera and guiding
the precise robot operation through the wrist camera. To
ensure the visual display’s accuracy, we conducted a global
calibration [57] to align the headset with the camera.

D. Learning Information Collection

The RADAR system collects information from diverse
demonstration methods. This information includes policies
(representing low-level robot behaviors), dynamic plans (rep-
resenting high-level assembly sequences), and other human
demonstration information. State-based policies incorporate
data from various demonstration methods, such as end-
effector pose and joint angles. Planned trajectories and motor
actions can also be collected as policy outputs. Dynamic
plans involve task abstractions, structured by the task planner
into subtasks or actions. Other human demonstration infor-
mation, including step organization, failure correction, and
user-added constraints, is captured by the RADAR system as

well. Note that this work does not focus on collecting and
training learning information; future research will explore its
application in learning from demonstration.

IV. RADAR TASK PLANNER
A. Overview

The dual-level reasoning concept serves as the funda-
mental, encompassing both coarse and fine-grained resolu-
tion [58]. Considering the complex control factors from both
algorithms and human operators, there is a need for a robust
algorithmic framework for robotics assembly. This frame-
work must be capable of managing interactions, updates, and
component replacements effectively.

With a given task goal, the reasoning process at the
coarse resolution phase involves computing a sequence of
Abstract Actions, and evaluating associated uncertainties.
Subsequently, each Abstract Action undergoes a refinement
process at the fine resolution phase, wherein it is tailored
to Concrete Actions. To facilitate human-in-the-loop interac-
tions, human subjective awareness is empowered to engage
at both resolution layers. Humans can prioritize critical Ab-
stract Actions, suggest modifications to the coarse-resolution
sequence, and actively participate in fine resolution to per-
form intricate operations or address algorithmic failures. The
RADAR system extends the action language ALy [59] to
describe action signatures and dynamic domains.

B. Implementation

The RADAR’s reasoning tasks, including inference, plan-
ning, and diagnostics, are performed based on a domain
description developed using Answer Set Prolog (ASP) [60],
which encompasses a dual-resolution system description
denoted as D, a collection of statements of ALy, and a
historical record #. The coarse-resolution system description
D, functions as a specification for the transition diagram
T., which defines the complete set of feasible solutions for
the robotics assembly task. Both dual-resolution system de-
scriptions are equipped with a sorted signature 3, featuring
customized sorts C, sort hierarchy S, and functions F, as in:

S =<C,8,F> (1)

For example, the basic sorts of assembly domains include
direction(dir), thing, robot(rob), object(obj), beam(bm),
joint(jnt), and peg. S describes the hierarchy of sorts, e.g.
{rob,obj} € thing and {bm, jnt,peg} € obj. F is parti-
tioned into two distinct components: A and DA, where they
are respectively denoted as actions and domain attributes.
Every function symbol f € F is denoted using lowercase
letters or lowercase words, along with sorts {cy, ...,c,} € C
representing parameters. Note that the result of action A is
always in boolean form. The dual-level actions A include
several reasoning descriptions in Tab. L.

DA is subdivided into: DA, referred to as statics, which
remains unchanged by actions, and DA, referred to as flu-
ents, which can be changed by actions. The statics within the
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TABLE I: Actions Formulation and Description

Actions Parameters Description

Abstract Actions

move (rob, dir) Navigate the robot gripper to a target pose.
pickup  (rob,obj) Grasp an object using the robot’s gripper.

putdown (rob, obj, dir)
assemble (rob, obj, jnt)
(rob, jnt, peg)
(rob, bm)

Place a grasped object to a target location.

Insert a beam fitting into an existing joint.

asten ecure pegs in connecting joints.
i S peg ting joint

push Adjust the position of existing beams.

Concrete Actions

move (rob, dir) Navigate the robot gripper to a target pose.

shift (rob, dir) Manipulate robot in Cartesian space.

rotate  (rob,dir) Rotate the robot end-effector at the task
level.

face (robd, dir) Quickly reset the gripper orientation.

grasp (rob, obj, dir) Grasp an object with desired orientation.

gripper (rob) Trigger the gripper to open or close.

RADAR system for the beam assembly task encompasses re-
lationships like next_to(bmy;, jnt;) and next_to(jnt;, jnt;),
which encode the spatial arrangement of joints on the
pre-assembled beams. Furthermore, next_(dir, jnt) denotes
the joint position from an object sort a to direction
sort. Fluents are properties that can be changed by ac-
tions, including inertial fluents and defined fluents. Specif-
ically, the following fluents of the domain are applied:
fixz(jnt, peg), assemble(bm, bm, jnt), loc(thing, dir), and
inhand(rob, obj)

> also encompasses relations like holds(f, step) and
occurs(action, step), signifying that a specific function is
true and a specific action occurs within a plan at a partic-
ular step. Additionally, axioms are defined within both D,
and Dy, which encompass the Dynamic Causal Law, State
Constraint, and Executability Condition, such as:

—hold(inhand, I + 1) < hold(inhand, I),
occurs(putdown, I)

loc(oby, dir,I) < loc(R, dir,I),inhand(I)

impossible pickup(rob, obj) if inhand(rob, obj)

2

The history H. typically comprises a log of observations
concerning basic functions obs( f, boolean, step), and action
executions aeh(action, step). An answer set 3= represents
a feasible sequence of dual-resolution actions to achieve
the goal based on the robot’s beliefs. These sequences
are computed using the SPARC system [61] by the clingo
solver [62]. The results are stored and visualized in the AR
interface. The control loop is represented in Algorithm 1. The
function human_involvement applies the AR interface for task
management, target object selection, and fine manipulation.

V. EXPERIMENTAL RESULTS

The performance of the RADAR system is evaluated
using an open-source RAMP benchmark [17], which consists
of various beam assembly sub-tasks designed to simulate
the offsite construction of steel-rolled beams. We deploy

Algorithm 1: Control Loop of RADAR Architecture

Input: G: Task goal; [[(D,H): core ASP program; HM:
human intension and input; P: other path planning
algorithms

Result: task_states: statistics of assembly task

1 Create environment, load P, initialize environment;
2 s < state of environment;
3 while — rask_done(s) do

4 hi < human_intention (s,HM);

5 tp < task_planner(s, [[(D, H), P);

6 a = hi U tp;

7 if —human_confirm then

8 | a<human_demo(HM, a)

9 else

10 s’'=s;

1 while — subtask_done(s’) do

12 tpf < task_planner(s, [[(Dys, Hy), P);
13 a’ + human_demo(s, tpf, a, HM);
14 s' = execute(s,a’);

15 if = fail_eze(s’) then

16 | &' < human_demo(s’, a’, HM);
17 end

18 end

19 H. <+ add_history(s");

20 end

21 s=s

22 end

23 return task_states

RAMP system on xArm 6 robot arm (Fig. 1(a)). The control
algorithms utilized in RAMP serve as fundamental baseline
references for evaluation, referred to as RAMP. We utilize
ArUco markers [63] instead of the April tag for better
detection. Comparing overall task completion times and
accuracy in the RAMP benchmark poses challenges due to
the non-replicability of experimental scenarios and hardware
conditions. The automated planning algorithm in RAMP
imposes environmental constraints, such as strict beam place-
ment along the robot’s coordinate and known placement
heights for all parts, simplifying the task but not accurately
representing real-world intricacies. In addition, variations in
robotic arms, operational speeds, and gripper types further
affect execution time and success rates. Therefore, a direct
comparison is not feasible. Instead, we decompose the entire
task into several subtasks and compare the completeness and
efficiency of the RADAR system and the RAMP benchmark
across them. We evaluate nine subtask-specific metrics using
data from the four scenarios shown in Fig. 5. Descriptions
of each action are provided in Table II.

For each action, two conditions, RAMP and RADAR, are
individually tested in 15 trials, except for 45 trials of Task 2
(15 trials for each position). Completeness is quantified as the
ratio of successful executions to total attempts, as presented
in Tab. II. The results indicate that when humans are involved
in the loop, RADAR achieves higher completeness rates for
fine actions. The execution times are derived from successful
executions, as depicted in Fig. 6. Each dataset from various
tasks and conditions has passed the Kolmogorov-Smirnov
normality test, indicating that they follow a normal distribu-
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TABLE II: Subtasks Completeness

Task Actions Description RAMP RADAR
1 Pick up Single Peg Grasp a single peg from a random position and place it in box A. 66.67%  86.67%
2 Pick up Peg Set (Single) Grasp a single target peg from a full peg set and place it in box B. 35.56% 91.11%
3 Pick up Peg Set (Group) Grasp 3 pegs with a designed sequence from a full peg set and place them in box B. 20.00%  66.67%
4 Pick up Beam (Short) Grasp a target short beam from a random orientation and place it horizontally in area C.  86.67%  93.33%
5 Pick up Beam (Long) Grasp a target long beam from a random orientation and place it horizontally in area C.  53.33%  93.33%
6 Insert Peg (Close, 1 Marker)  Grasp a target peg and insert it into the hole on joint D, guided by one joint marker. 46.67%  86.67%
7 Insert Peg (Far, 1 Marker) Grasp a target peg and insert it into the hole on joint E, guided by one joint marker. 3333%  93.33%
8 Insert Peg (Far, 2 Markers)  Grasp a target peg and insert it into the hole on joint F, guided by two joint markers. 60.00%  86.67%
9 Assemble & Push Beam Grasp a target short beam, assemble it, and push it into joint G of a long beam. 53.33%  80.00%
Task 1 _ I
Task 2 Joxs
Task 3 R
Task 4 e
Task 5 e
Task 6 s RAMP Mean
RADAR Mean
Task 7 I Mean + 1.5 SE
Median Line
Task 8 Outliers
Task 9
T T T T T T T
Time(s) O 10 20 30 40 50 60 70 80

Fig. 5: The experimental setup for various sub-tasks: (a) pick
up peg and peg set; (b) pick up short and long beam; (c)
insert peg to different joints; (d) assemble and push beam to
a joint.

tion. Therefore, a two-tailed t-test is conducted to assess the
comparative analysis between conditions in different tasks.
Significant improvements in efficiency are observed in Task
1 (p = 0.00325), Task 2 (p = 1.91 x 107Y), Task 3
(p = 0.000208), Task 4 (p = 3.56 x 10~*), and Task 5
(p = 8.97 x 10~%). RAMP demonstrates quicker execution
in inserting peg tasks, including Task 6 (p = 3.38 x 10~7)
and Task 7 (p = 0.00469), but no significant differences in
Task 8 (p = 0.184) and Task 9 (p = 0.707).

Results indicate that the involvement of humans signif-
icantly enhances the execution accuracy of long-horizon
tasks. For certain coarse operations like target selection,
orientation adjustments, or task sequencing, the RADAR
system demonstrates superior and faster performance. For
operations requiring high accuracy in environmental percep-
tion, integrating human input compensates for the limitations
of sensor information, thereby achieving a comparable com-
pletion rate within a similar timeframe.

The slower peg insertion is attributed to the limitation of
the robot’s movement speed for a higher precision necessitat-
ing a pause for human coordination. Tasks 6 and 7 involve
target destinations situated at a considerable distance from
the initial position, resulting in extended robot travel times.

Fig. 6: Comparison of completion time for each action set:
RADAR shows lower times for tasks 1-7, while RAMP
performs better for inserting far pegs.

VI. CONCLUSION

This research introduces the system design of RADAR,
aiming to enhance precision and efficiency in complex, long-
horizon assembly tasks from a systematic level. An AR-
based interface and associated interactions are developed for
human users to manage failures and fine-tune robot opera-
tions through demonstrations. A task planner and operational
algorithm within the RADAR system are further developed
for dual-level task planning. An extensive evaluation of the
RADAR system is conducted, comparing it to the RAMP
benchmark across various assembly subtasks, with a focus
on completeness and execution time as performance metrics.
Results consistently demonstrate significant accuracy im-
provements for fine-grained actions with human involvement.
RADAR excels in specific coarse operations like target
selection, orientation adjustments, and task sequencing, aided
by AR visualization and interaction.

In the future, algorithms, and methodologies are expected
to be developed to effectively utilize the collected demon-
stration data for enhancing robot capabilities in long-horizon
assembly tasks. RADAR system can be potentially extended
to other long-horizon tasks, such as disassembly, multi-robots
and multi-human collaborations, and HMLV productions.
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