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Abstract: The combination of humans’ cognitive skills and dexterity with the endurance and repeatability of robots
is a promising approach to modern assembly. However, planning an assembly sequence and efficiently allocating
tasks between humans and robots is a manual, complex, and time-consuming challenge. This work presents a
framework named “Extract-Enrich-Assess-Plan-Review" that facilitates holistic planning of human-robot assembly
processes. The framework uses heterogeneous data sources to feed a planning algorithm that generates assembly
sequences according to various boundary conditions such as resource capability, part dependency, sequencing,
and adaptability to human behavior. An expert remains in the loop to enrich the data, review, and modify the
automatically generated sequences. As an output, the framework creates assembly sequences with different ways
in which humans and robots work together that can be selected depending on the purpose of the subsequent use.
For our experimental results, we compare the achieved degree of automation using three different CAD formats.
We also demonstrate and analyse multiple assembly sequence plans that are generated by our system. Those
assembly plans incorporate different human-robot interaction modalities that are synchronized, cooperative, or

collaborative.

Keywords: human-robot collaboration (HRC); assembly sequence planning (ASP); CAD, human-robot interaction;
adaptive collaboration

1. Introduction

In recent years, human-robot collaboration (HRC) has emerged as an alternative production
paradigm to manual labor, particularly in high-wage countries where manual production processes
have become significantly more challenging due to shortage of skilled labor and increasing labor costs
[1,2]. This transition is motivated by the necessity to partially automate assembly processes, thereby
sustaining competitiveness in the global market. However, the process of planning HRC assembly
sequences is complex and time-consuming as it is mostly a manual process that has to be repeated for
every new product from scratch [3].

This complexity and time-consuming nature is a result of several factors. First, it arises from the
inhomogeneity of different existing information sources used in the planning process. Integrating
heterogeneous data sources such as CAD models [4], 2D drawings, and written assembly instructions
into a coherent and efficient plan is a significant challenge. Second, task allocation is complex requiring
careful consideration of the respective skills of robots and humans to ensure the best fit for each task
[5]. Third, the chosen mode of human-robot interaction such as synchronization, cooperation, or col-
laboration adds another layer of intricacy. Fourth, the demand for mass customization intensifies these
challenges by necessitating tailored assembly sequences for a wide variety of products which in turn
requires frequent and dynamic adjustments to the assembly process without extensive reprogramming
[6].

In our previous work [7], we used a non-automated method to split a manual assembly sequence
into tasks for humans and robots. A manual criteria catalogue [8] was used to allocate tasks to humans
and robots and to create an assembly sequence based on engineering judgement. Figure 1 shows the
successfully applied task allocation to a use case from the medical industry. During the assembly
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sequence planning process process, challenges arose due to the need for expertise and deep familiarity
with the product which other researchers have found as well [9,10].

Figure 1. We utilized an industrial use case from the medical industry to assess our manual criteria

catalogue for task allocation between humans and robots in designing an assembly sequence based
on engineering judgment. The left side shows a control cabinet with hose wiring, while the right side
features additional wiring for the valves.

For manual assembly processes, the automated generation of assembly plans has been addressed
in the literature, e.g. [11-13]. Initial approaches using extracted CAD information for HRC sequences
have also emerged, e.g. [3,14]. However, most of those approaches are tied to specific CAD formats
[12] or specific software [13]. We aim at a general approach using CAD information in meta-format
STEP AP242 [15], 2D drawings (DXF) and assembly instructions (PDF/Excel) covering a large amount
of the information required for HRC assembly planning [16]. Missing information is detected and an
expert is guided via a dashboard interface to manually enrich the data.

The objective of this work is to partially automate and simplify the HRC planning process,
reducing its complexity and time-consuming nature. By streamlining the planning process for HRC
assembly paradigms, this work aims to facilitate the transition from current manual assembly processes
to more efficient automated systems, thereby promoting widespread industry adoption. To address
this challenge, a framework is presented that generates dynamic HRC assembly plans. In this context,
“dynamic" implies that the framework generates multiple plans involving various ways in which
humans and robots work together, along with different arrangements of steps within the assembly
plan. For instance, this allows an adaptation of the assembly plan during runtime. The framework
uses four heterogeneous data sources: 1) CAD data, 2) 2D drawings, 3) written assembly instructions,
and 4) knowledge from a product expert. The contributions of this work are three-fold:

1.  Presentation of a novel framework “Extract-Enrich-Assess-Plan-Review” (EZAPR) that generates

multiple alternative assembly sequence plans enabling a dynamic human-robot work flow.
2. Illustration of the ability to generate assembly sequences for three different human-robot interac-

tion modalities by applying it to a toy truck assembly use case.
3. Evaluation results with respect to a) the level of automation of the planning framework, and b)

cycle times for three interaction modalities.

A preliminary version of this work was published in [17]. We extended it by 1) adding two more
input sources to the framework, 2) creating a hierarchical data structure facilitating the augmentation
process for the expert, 3) adding an additional HRI modality, 4) extending the abilities of the output
layer, and 5) evaluating the updated E>?APR framework experimentally.

In the improved framework, we distinguish three types of human-robot teamwork: Synchroniza-
tion, Cooperation and Collaboration. In all cases, human and robot work in close physical proximity.
In Synchronization mode, each agent works sequentially in a shared work space on separated assembly
steps. In Cooperation mode, they work in the shared area at the same time but on separated assembly
steps. In Collaboration mode, both agents simultaneously work on the same assembly step. Figure 2
(right) shows an example for Collaboration.
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Figure 2. Left: Overview of our human-robot collaboration (HRC) workstation where human and

robot work together in close proximity to assemble a toy truck. Right: Example of interaction modality
Collaboration. Here, the robot acts as a third hand to support the human.

The remainder of this paper is organized as follows. Sec. 2 presents related work. The toy truck
use case is described in Sec. 3. The system architecture is detailed in Sec. 4 and validated using our use
case in Sec. 5. Finally, Sec. 6 concludes the paper and discusses future work.

2. Related Work

Our work is centered on holistic Assembly Sequence Planning (ASP) for Human-Robot Collabora-
tion, with an emphasis on frameworks that utilize CAD data and Methods-Time Measurement (MTM).
These frameworks facilitate effective collaboration and enable flexible, dynamic workflows during the
assembly process. Figure 3 presents a summary of relevant research in these areas.

Extract [E] Enrich [E] | Allocate [A] Plan [P] Review [R]
HLF LLF MTM CT SEQ HRC DYN INP ouT
Berg (2017) X X X X
Fechter (2022) X X X X X
Neb (2020 a +b) X X X X
Michalos (2018) X X X X X
Ranz (2018) X X
Beumelburg (2018) (X) X X
Schroeter (2018) X X X X
WeRkamp (2019) X X X X
Raatz (2020) X X X X (X)
Weckenborg (2020) X X X
Johannsmeier (2017) X X X X
Banziger (2018) X X X X
Casalino (2021) X X X
Schmidbauer (2022) X X X
Legend:
HLF: High-Level Features CT: Capability Test DYN: Dynamic Behavior
LLF: Low-Level Features SEQ: Sequencing INP: Input
MTM: Methods-Time-Measurement HRC: Human-Robot Collaboration OUT: Output

Figure 3. A review of related work organized into the five components of our E2APR framework,
adapted from [17].
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While almost all papers perform a capability test and sequencing, works in the field of CAD-based
planning (Extract) do not generate dynamic plans [18] and the interaction modality of collaboration is
also omitted. Works on dynamic ASP and HRC, on the other hand, often do not use experts to adjust
the results (Review), the only exception being the work by Raatz et al. [19].

2.1. CAD-based Assembly Sequence Planning

To our knowledge, few approaches offer a holistic method for generating Human-Robot Col-
laboration workflows from CAD data (e.g., [3,20-22]). Typically, these methods extract low-level
features such as hierarchical structures, component names, shapes, or colors to create relationship
matrices or perform capability assessments for HRC tasks. For instance, Fechter et al. utilize both
low-level features (e.g., geometry and weight) and high-level features (e.g., joining operations) to
allocate assembly tasks to humans, robots, or a combination of both. Their system relies on a carefully
curated database.

In contrast, our framework is designed to handle incomplete data by incorporating an expert-in-
the-loop. This expert reviews both the input data and the generated results, similar to the approach
taken by [21]. Consequently, our method is better equipped to handle variations in data quality and
completeness.

In addition to data sourced from CAD files, information can also be derived from 2D drawings.
The AUTOFEAT algorithm developed by Prabhu et al. [23] enables the extraction of both geometric
and non-geometric data from these drawings. Expanding on this, Zhang and Li [24] present a method
for establishing associations among data extracted from DXEF files. Regarding product variants,
several researchers have proposed innovative techniques for predicting compliant assembly variations,
including the use of geometric covariance and a combination of Principal Component Analysis (PCA)
with finite element analysis [25,26]. However, these methods do not address data extraction for
Human-Robot Collaboration in the context of assembly sequences.

In summary, while numerous innovative methodologies have been developed in the literature
for different facets of CAD modeling and feature extraction, a generic, user-friendly tool for HRC
sequence planning accommodating a wide range of product variations is still needed. Our proposed
methodology tackles these challenges by utilizing multiple information sources for effective data
acquisition and creating an advanced data model.

2.2. Holistic Approach to HRC Assembly Sequence Planning

The planning systems for HRC found in the literature largely adhere to a framework initially
proposed by Beumelburg [27]. The process begins with the creation of a relationship matrix [20,28],
which may also be assumed as given [3,29]. Next, a capability assessment identifies which resource—
whether robot, human, or a combination of both—can perform each assembly step. During scheduling,
suitable resources and processing times are assigned to the assembly tasks. Decision-making in this
scheduling phase often incorporates weights [3,20,29] that reflect higher-level objectives such as cost,
time, and complexity [29], as well as goals like maximizing parallel activities, increasing automated
tasks, minimizing mean time [20], or managing monotony and break times [19].

None of the previously mentioned methods consider the generation of dynamic assembly se-
quences. As highlighted by Schmidbauer [18], only a limited number of approaches exist for developing
dynamic assembly sequences tailored to HRC scenarios [5,30,31]. Additionally, few strategies focus on
generating sequences specifically for HRC [19,30,32]. The detailed system framework proposed in this
paper streamlines the process by partially automating the workflow from CAD, DXF, and PDF/Excel
data to produce a comprehensive dynamic assembly sequence plan (ASP) for HRC.

2.3. HRC Assembly Sequence Planning Based on MTM

To enable the planning of robot cycle times in a HRC setting, variations of Methods Time Measure-
ment (MTM) [33] are frequently employed. The MTM method facilitates the estimation of processing
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times for individual work steps performed by both robots and humans, eliminating the need for
complex simulations or real-world measurements.

Schroter [28] builds upon Beumelburg’s framework by incorporating specially designed robot
process modules to calculate target times based on the MTM-1 system [34]. Weflkamp et al. [35]
present a framework for planning HRC ASP based on the criteria catalogue also used in our previous
work [8] and a simulation environment to calculate ergonomic factors and cycle times. For the robot
time estimation they use a modified MTM-UAS approach that treats robot actions like human actions
but multiply the results with a factor f, since the robot is usually slower than the human in HRC.
Wefikamp present a simple approach to get a first estimation of possible human-robot interactions.

Komenda et al. [36] evaluate five methods for estimating HRC cycle times, including those
proposed by [19,28,35], using data from real-world applications. Their findings indicate that Schroter’s
MRK-HRC and Wefikamp’s modified MTM-UAS yield comparable results for overall cycle times,
both achieving a 5% error margin, despite Weflkamp’s method being simpler. The authors critique
MTM-based cycle time estimation methods for HRC, arguing that these are designed for high-volume
production scenarios with averaged-trained workers, which is often not applicable in HRC contexts.
They advocate for simulation-based methods instead. Given our objective of distributing tasks between
humans and robots with minimal expert input, we adopt Weskamp’s modified MTM-UAS as our
baseline for estimating robot cycle times.

3. Experimental Setup: Assembly Use Case

The E2APR framework outlined in this paper is demonstrated through a representative use case:
the assembly of a toy truck.

Figure 4 presents an exploded view of the assembly. We define the following terminology: a
component (C) is an indivisible atomic unit. A sub-assembly (SA) is formed from at least two components
or other sub-assemblies (SA) that are connected through various actions (such as bolting, welding, or
bonding). The final product (FP) comprises one or more sub-assemblies and components.

load carrier

~  (Cl)
cabin _
(C2)
— chassis
(C3)
front axle . rearaxle
c4H (C5)

axle holder __

(C6) b
screws <~ i~ sub-assembly 1
(C7) (SA1)
Exploded view final product (FP)

Figure 4. Exploded view of the final product consisting of a base (cabin, load carrier, and chassis), a

front axle, a rear axle, and four sub-assembly 1 (axle holder and two screws), adapted from [17].

4. Detailed System Framework

The detailed system framework, illustrated in Figure 5, comprises three layers: the Input Layer,
the Application Layer, and the Output Layer. Data flows from left to right. The input data includes 1)
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CAD files in STEP format [37], 2) 2D drawings in DXF format, and 3) assembly instructions for manual
assembly in PDF/Excel format. The Application Layer processes this data through units known as
Extract, Enrich, Access, Plan, and Review. The Review unit involves a domain expert, who contributes
by filling in missing information and evaluating the outputs of each unit. The final output of the E2APR
framework consists of a set of dynamic assembly sequence plans for three different human-robot
interaction modalities, along with an assembly catalog that provides detailed information about the
assembly steps and components.

]

1 1 1

o Application Layer Output L i
 dayer 4 SR B AR
N e O !
i il i
| P Extract Enrich Assess Plan ﬁ i
! CAD File | ! = e o :
i i i Q 0 G=i 9=i ASPs ]
1

[ |
| DXFFile | | = :
! i Review — i
i = i i Assembly i
i — 1 Catalogue !
| PDF, Exceli i !
O O A AT N SN !

Figure 5. The E2APR framework introduced in this paper is composed of three layers: Input, Applica-
tion, and Output, adapted from [17].

4.1. Extraction Unit

The Extraction Unit processes diverse input data for feature extraction and assembly information.
This includes 1) CAD files in STEP formats (AP203, AP214 and AP242), 2) Drawing Interchange File
Format (DXF), and 3) a combination of Portable Document Format (PDF) and tabulated Excel data [16].
The unit’s output is a data model of the product as shown in Figure 6. The model comprises detailed
component information, assembly information and a hierarchical structure designed to identify the
order and components for each sub-assembly.

Our method for extracting CAD data builds upon the research of Ou and Xu [38], utilizing
assembly constraints and contact relationships among the components. By employing a disassembly-
oriented strategy [39] on the final product, we can dissect the assembly into smaller sub-assemblies and
atomic components, revealing their hierarchical positioning within the final product. As a foundation
to extract the CAD information, we use the Open CASCADE Technology library'.

We extend this approach by incorporating additional information about product variants from ac-
companying DXEF files. To achieve this, we developed a variant extraction algorithm that automatically
extracts relevant data from the DXF files and enriches the component information accordingly.

One further extension involves integrating supplementary information about the assembly steps
from pre-existing manual assembly instructions. These instructions include detailed information
about the components needed for an assembly step, action verbs (e.g. “join" or “screw") and used
tools (e.g.”screwdriver" or”hammer"). We use a model named de_core_news_sm?, which is trained on
German newspaper reports, to identify those keywords from assembly instructions provided as Excel
or PDF files. Since the standard model was not able to identify tools from the assembly instructions, we
retrained the model using transfer learning with synthetic data generated from ChatGPT’. Example

https:/ /dev.opencascade.org/project/pythonocc
https://spacy.io

3 https://openai.com
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sentences (blue) with a tool and its exact position in the sentence, determined by its start and end
character (gray) and labeled as such, served as input:

Use the screwdriver to turn screws into the surface. , entities: [(8, 19, TOOL)]

By implementing the updated model, we achieved an accuracy rate of up to 90% for detecting the
keywords. All extracted information from CAD, DXF and PDF/Excel are combined in an assembly
step catalogue and are stored in a MongoDB*.

Final Product

| : I I

Load Carrier Cabin
Cl C2

J ]

Sub-assembly 2
SA2

Sub-assembly 3
SA3

- .
Front Axle Sub-assembly 1 Rear Axle Sub-assembly 1
[ c4 ] [ SA1 (2x) ] [ cs 4 1 [ SAI1 (2x) T S
L I 7 \

Component - Unique ID (UUID) v ¥ ! L

- Component name [ Axle Holder ] [ Screw ] [ \Axle Holder ] [ Screw  / ]

~ 3D pictures C6 C7 (2x) N C6 c7 (2x/) V4

~

Geometric - Height, width, length _—— - - PDF,
Data - Total surface area Excel

- Total volume

- Relative component positions Basic Operation Unique ID (UUID)

Operation Name

Physical - Density Movement Sequences
Properties - Mass Basic Movements

- Moment of inertia Components

- Center of gravity Tools

- Material information
Product Variant component dimensions
Variant - Variant component 3D pictures DXF
Information

Figure 6. The data model of our truck assembly, extracted from three input sources: 1) CAD files, 2)

DXF files, and 3) assembly instructions for manual assembly (PDF or Excel). The output provides

information about assembly steps and the required components [16].

4.2. Enrichment Unit

Given that all variations of CAD input data must be managed and that CAD files are often not
well-maintained in practice, it is essential to address incomplete data. We have created a dashboard
that allows product experts to incrementally add the missing information. The expert can modify all
components, actions, and tools for a specific step or add missing information which are highlighted in
the dashboard. Figure 7 shows the dashboard’s navigation options.

4

https:/ /www.mongodb.com/
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EXTRACT ENRICH ACCESS PLAN REVIEW (E2APR)

Description Quantity Component
Load Carrier 1
\ -
Cabin 1
.
/,\ =
Chassis 1

Figure 7. Dashboard for structuring and streamlining the planning process. The extracted data is
structured into specific areas listed on the left-hand side. The Assembly Overview provides detailed
information about the components. The Skill Matrix displays the capabilities of humans and robots.
The Relation Matrix illustrates the interaction between each component. The Location section determines
the position of each component, sub-assembly, and the final product for the MTM calculation (Sec. 4.4).
The Hierarchy contains an editable version of Figure 6. Action/ITool/Resource are assigned to the assembly
steps. Process Time shows the duration of each step for both humans and robots. The Criteria Catalogue
and Capability Level refer to the assessment unit (Sec. 4.3) and planning unit (Sec. 4.4). Finally, Assembly
Sequences represent the output shown in Figure 10.

Detailed assembly step information, as shown in Figure 8, determines the atomic tasks for each
assembly step. This information is used to calculate the process times for both human and robot and
specifies the possible forms of human-robot interaction, which will be further discussed in Sec. 4.4.3.

The expert can view those assembly steps in three increasingly granular levels: 1) Basic Operations,
2) Movement Sequences, and 3) Basic Movements. This subdivision is taken from the MTM framework
[33] and is required for precise planning of the assembly sequences as described in Sec. 4.4. For
human-robot interaction in Synchronization or Cooperation, it is sufficient to consider the level of
Basic Operations. In Collaboration mode, the level of Basic Movements is required so that the expert
can add additional Basic Movements such as “hold" which enables the robot to work as a third hand
(see Figure 2 on the right).
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Basic Movements Movement Sequences Basic Operations

MTM-1 MTM standard values MTM-UAS

Grasp > Pick \

Bring Pick & Place

Join / > Place /
Release

Hold

Pick Load Carrier and Place it
Pick Load Carrier Place Load Carrier
Reach for Load Carrier Grasp Load Carrier Bring Load Carrier Release Load Carrier

Figure 8. Various output options for the assembly step information with different levels of granularity,
based on the subdivision in MTM into Basic Movements, Movement Sequences and Basic Operations
[33]. An additional Basic Movement “hold" was added to enable the robot to act as a third hand. Below
the dashed line: an exemplary assembly step from the toy truck use case is given to illustrate the levels
of granularity.

4.3. Assessment Unit

Each step in an assembly sequence requires an evaluation to determine its suitability for a specific
human worker or robot. This evaluation relies on skill matrices that outline the unique attributes
of each worker (e.g., dominant hand, manual dexterity) and robots (e.g., gripper span, workspace).
Additionally, each assembly step is evaluated using a criteria catalogue that encompasses factors such
as material properties (e.g., hardness, weight), requirements for basic movements (e.g., required force,
possible obstructions), and inspection accessibility.

The method facilitates a comparison between the capabilities of humans and robots by referencing
the skill matrices and evaluating their fit for the task using the criteria catalogue. For each task, a
suitability score, expressed as a percentage, is calculated for both the human and the robot, following
the approach outlined by Beumelburg [27].

A key contribution of this work is the pre-population of the criteria catalog with information
described in the previous sections, achieved using a pre-trained classifier model. Any missing or
incorrect information is subsequently modified by the expert, who updates the conditions in the
model’s tree structure.

The results of the Assessment Unit determine which types of interaction between humans and
robots are possible in the subsequent sequence. Assembly steps that can only be carried out by the
worker or only by the robot, for example, integrated as fixed points in the assembly priority graph
(Figure 10), around which the rest of the planning is based.

4.4. Planning Unit

Planning is done in three stages: 1) the order of the assembly steps is derived from a relationship
matrix and represented as a directed graph, 2) tasks are allocated to human and robot, including the
decision about the interaction modality, using the results from the Assessment Unit, and 3) multiple
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dynamic assembly sequence plans are generated considering time, cost and complexity. All stages are
illustrated via the toy truck use case shown in Figure 4.

4.4.1. Task Order of the Assembly Sequence:

Using the hierarchical product structure with its different levels and interrelations as shown in
Figure 6, an assembly relationship matrix is automatically generated. This matrix displays the pairwise
connection relationships between all components of the assembly in a tabular format, incorporating
all relevant relations and constraint data obtained from the CAD file. The expert has the option to
remove faulty relationships or add restrictions that could not be derived from the data alone. The
constraints from the relationship matrix, along with the hierarchical levels of the data model, determine
the sequence of assembly steps. The outcome of the first stage of the Planning Unit is a directed graph
as shown in Figure 9.

(e

Figure 9. Phase one of the Planning Unit involves determining the sequence of assembly steps, without
yet assigning tasks to either humans or robots. The double-headed arrow indicates that SA2 and SA3
can be interchanged, adapted from [17].

Node g5 represents the starting point, while node g, denotes the endpoint of the assembly sequence
that culminates in the final product FP. The intermediate nodes correspond to each assembly step
within the sequence.

Table 1 outlines the assembly steps for the toy truck example. The initial stage of the directed
graph demonstrates a parallel process, comprising assembly steps 1 and 2. Sub-assemblies SA1 and
SA2 illustrate the sequential progression of these assembly steps.

Table 1. Summarized assembly steps for the toy truck assembly process derived from the directed
graph shown in Figure 9.

Step | Description

1 Components C1, C2, and C3 are inserted into a
mounting bracket in a shared workspace.

2 Four sub-assemblies (SA1) are constructed by at-
taching eight screws (C7) to four axle holders (C6).

3 Two SA1 sub-assemblies are joined with the front

axle (C4) and the chassis/cabin (C3/C2) using
screws (C7) to form sub-assembly SA2.

4 Two SA1 sub-assemblies are combined with the
rear axle (C5) and the chassis/load carrier (C3/C1)
to create sub-assembly SA3.

4.4.2. Task Allocation for Human and Robot:

In the second phase, the results of the Assessment Unit are integrated into the directed graph
by assigning the fixed tasks to either human (blue colored nodes) or robot (green colored nodes) as
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shown in Figure 10. The sub-assemblies SA2 and SA3, containing possible tasks for a robot (C4 and
C5) and human only tasks (SA1), allow for multiple types of human-robot interactions. The Planning
Unit distinguishes between three interaction modalities: 1) Synchronization, 2) Cooperation, and 3)
Collaboration.

Synchronization Synchronization
A I\

()
@VNe@®» © CASHCATHO,

SA2 SA3 SA3 SA2
SAL (4x) SAL (4x)

Cooperation Cooperation

5
N\
5
N\

| |

(@)
U@@H @ OLl) OLATIO,

SA2 SA3 SA3 SA2
SA1 (4x) SA1 (4x)

5
N\
5
N\

Collaboration Collaboration
| A

[ [
Q@@ @ CiSH OO,
SERTE W e

SAI (4x) SAI (4x)

N\
N\

I:' Task assigned to human I:' Task assigned to robot I:' Cooperative task I:' Collaborative task

Figure 10. Phase two of the Planning Unit involves assigning tasks to humans and robots, as well as
defining the interaction modality (Synchronization, Cooperation, or Collaboration). It is important to
note that the sequence of sub-assemblies SA2 and SA3 is flexible and can be interchanged. This stage
generates six ASP options, demonstrating the dynamic nature of our framework, adapted from [17].

In the toy truck use case, the task assignment results in six distinct assembly sequence plans, as
illustrated in Figure 10. During Synchronization and Cooperation mode, the robot places components
C4/C5 into a mounting bracket within the shared workspace. Following this, the human integrates 2x
SA1 with C4/C5 to create SA2/SA3. In Synchronization mode, only one agent is permitted in the shared
workspace at a time, while in Cooperation mode, both agents can operate simultaneously within the
workspace. In Collaboration mode, the robot retrieves components C4/C5, positions the axle, and
holds it steady, allowing the human to concurrently combine 2x SA1 with C4/C5 to produce SA2/SA3.

As shown in Figure 9, the order of SA2 and SA3 can be swapped resulting in three more assembly
sequence plans. There are two ASPs per interaction modality yielding the option of adapting the
execution of the assembly plan during the actual assembly. This dynamic property of our system allows
to react to unforeseen circumstances during operations, e.g. a short-term bottleneck in material supply.

4.4.3. Determination and Sequencing of the Assembly:

Algorithm 1 which determines the task allocation mentioned above will be presented next. Our
approach builds upon the research conducted by Johannsmeier et al. [5] and incorporates an additional
focus on complexity. In addition, we distinguish three distinct interaction modalities: Cooperation,
Collaboration, and Synchronization.
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For Synchronization and Cooperation mode, human or robot tasks will be allocated to the Basic
Operations as described in Sec. 4.2. In contrast, Collaboration mode divides the Basic Operations into
Basic Movements. We use the Basic Movements reach, grasp, bring, release and join, based on the work
of [35] and extend them by the hold which utilizes the robot as a third hand. The expert is able to
rearrange and add new Basic Movements as needed. This subdivision allows to form human-robot
collaborative team and classify the collaboration mode.

In Synchronization and Cooperation mode, Algorithm 1 processes an input sequence I consisting
of a single Basic Operation (1 = 1). In Collaboration mode, the algorithm handles input sequences
of Basic Movements (n > 1). The algorithm evaluates the properties of complexity, time, and cost
to generate a suitability score, expressed as a percentage. This score indicates how well a human or
robot can perform a Basic Operation (for Synchronization and Cooperation) or a Basic Movement (for
Collaboration).

The algorithm is detailed as follows. First, the process time (timey) for each input sequence I, is
calculated using:

For Human: timeyy = fi(ry, Ix)

1
For Robot: timexgr = fi(rr, Ix) e

In this equation ry and rg represent the human and robot resources, respectively, with their
distinct skill metrics. For human resources, the standard times are obtained from MTM-UAS [34],
while for robots, the times are calculated using the modified MTM-UAS approach [35]. This approach
estimates robot times based on the time it takes a human to perform the same task, adjusted by a speed
factor p to account for slower robot speeds. The factor p varies depending on the type of interaction:

p = 3 for Synchronization, p = 4 for Cooperation, and p = 5 for Collaboration. The baseline
factor p = 5, used for Collaboration as suggested in [35], corresponds to a robot speed of approximately
250 mm/s.

Algorithm 1 Determination of dedicated tasks for humans or robots, adapted from [17].

Input sequence I, where x = 1,2, ...,n Assignment of human or robot to input I

for x <~ 1tondo
timel! < ft(ry, Iy)
timeR < ft(rg, I)
costt <« fe(ry, Iy)
costR <« fe(rg, Iy)
complexityl! «+ fq(ry, Iy)
complexity® < fq(rg, Iy)
ag + f(timel, cost!, complexityt, pH)
ag < f(timeR, costR, complexity®, BR)
if ay > ag then
human «+ I,

else
robot + I

end if
end for

Next, the cost factor (costy) is computed as follows:

For Human: costyy = fe(ry, Ix)

2
For Robot:  costyr = fe(*r, Ix) @
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This cost factor, derived from the skill matrices and criteria catalogue detailed in Sec. 4.3, takes
into account additional costs such as those for auxiliary devices or specialized grippers. A higher
accumulation of these costs results in a higher cost factor for the input I.

Third, the complexity factor is determined using:

For Human: complexity g = f5(rn, Ir)

For Robot:  complexity,g = fy(rgr, Ir) ®)

This complexity factor considers error probabilities, component handling, and task precision. It
includes criteria like whether the robot can handle delicate materials without damaging them and
whether the human can apply the required torque to a bolt.

Finally, these three criteria, process time, cost, and complexity, are weighted by an expert using
a 3x1 vector By. This weighting emphasizes the relative importance of each criterion. The resulting
scores for the human (ap) and robot (ar) are expressed as percentages. The resource with the highest
score is designated for the input sequence I,.

The resulting assembly sequence planning (ASP) for the toy truck assembly is illustrated in
Figure 11 and discussed in detail in Sec. 5.

n [ci[cz[c3[ca] sat | SAI | SAl | sal | SA2 [C5] SA3 | Cycllewt’i’;‘;ﬂ 205
H|ci|c2] sa1t | sA1 | sa1 | sAl | SA2 | SA3 Synchronization (p = 3)
R R I W i/t R
H|c1] sAl | sa1 | sa1t | sa1 | SA2 | SA3

Cooperation (p =4)

Cycle time=77 s
N o <1/

H[ci|c2|c3] sar | sAl | SA2 [ sAat | sai | SA3

R V77 C4 | cs

-
- S~
// \\
-

| C4 (Reach) | C4 (Grasp) | C4 (Bring) | C4 (Hold) | C4 (Release) |

Collaboration (p =5)
Cycle time =86 s

[] Task assigned to human [_] Collaborative task Idle time
[] Task assigned to robot [_] Cooperative task | Dependent task

Figure 11. Assembly sequence plans and cycle times for four different human-robot interaction
modalities. Manual assembly (no robot) acts as a baseline, adapted from [17].

4.5. Review Unit

The Review Unit involves an expert in two critical stages of the framework: the Enrichment Unit
and the Planning Unit (see Figure 5). This expert, who is familiar with the product and the abilities
of both the worker and the robot, plays a key role in enhancing the process. During the enrichment
phase, the expert fills in missing data, addressing challenges related to data heterogeneity and gaps
that result from different STEP formats. The data model shown in Figure 6 provides a structured
representation of the component hierarchy which the expert is able to modify if needed. Additionally
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the assembly step catalogue enables an in-depth representation of the interdependencies and task
distribution among the components.

In the Planning Unit, the expert reviews the relationships identified from the assembly relationship
matrix and inspects the type of human-robot teamwork for each assembly step. Following the planning
phase, the expert performs a plausibility check on the automatically generated assembly sequences. In
addition, the expert can express their preference for the relative importance of cost, complexity, and
time by adjusting the weighting factor § resulting in the generation of alternative assembly sequences.

4.6. Output Layer

The E2APR framework yields multiple options for the output format of the assembly sequence
depending on the required level of detail downstream. Assembly step catalogues for Basic Movements,
Movement Sequences, and Basic Operations are possible.

For example, if assembly instructions for the worker are to be generated from the planned
sequences, the information on the individual assembly steps can be output as Basic Operations (e.g.
“Join axle holder with two screws") and enriched with images extracted from the CAD data. If generic
robot commands from the catalogue are to be derived, it is more suitable to output Basic Movements
(e.g., “Reach Load Carrier", “Grasp Load Carrier", “Bring Load Carrier").

5. Experimental Results

We evaluate the E?APR framework in terms of 1) the degree of automation achieved by the
Extraction Unit for different CAD formats, and 2) the cycle times of ASPs for three interaction modalities
generated by the Planning Unit.

To assess the performance of our Extraction Unit, we determine the degree of automation by
calculating the ratio of data processed automatically to the total amount of information available,
which includes both automatically extracted data and manually enhanced data provided by the
expert. We extracted information from the toy truck use case and compared the results to our initial
Extract-Enrich-Plan-Review (EEPR) framework, presented in [17]. The original EEPR framework
exclusively used CAD data in STEP formats AP242, AP214, and AP203 as its information source. The
E2APR framework presented here additionally includes 2D drawings (DXF) and assembly instructions
(PDFE/Excel) as information sources.

Table 2 shows the overall results. The E>?APR framework outperforms the original EEPR by 11%
for AP203, 12% for AP214 and 9% for AP242. The highest degree of automation is reached for STEP
AP242 (88%). Due to an increase of information richness from AP203 to AP242, the level of automation
increases for both frameworks. In situations where only AP203 is accessible, the expert must add more
missing data compared to the other formats but our framework remains functional. This shows the
adaptability of our holistic framework in accommodating various types of CAD input data.

Table 2. Comparison of the degree of automation for three CAD input formats between our original
EEPR framework and our proposed E?APR framework. The E>APR has more information due to the
additional input sources DXF and Excel/PDF resulting in better performance.

Framework —AP203 - | —AP214 - | - AP242 -
EEPR 44% 66% 79%
EZAPR 55% 78% 88%

Additionally, our results focus on the output generated by our Planning Unit. We evaluate
three Assembly Sequence Plans (ASPs) featuring different interaction modalities Synchronization,
Cooperation, and Collaboration as depicted in Figure 10. These ASPs are compared to a manual
assembly baseline regarding idle time and cycle time. The comparison results are presented in
Figure 11.
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Each of the three human-robot assembly plans demonstrates enhanced cycle times relative to
manual assembly, primarily because they allow for the simultaneous execution of assembly steps. The
parallelizable assembly steps C1 to C3 can be performed either by the robot or the human whereby
the robot requires three times the process time (p = 3 in MTM-UAS) for their execution. For the three
human-robot assembly sequences, there are different assignments of the assembly steps resulting from
the dependencies of the interaction types: In Synchronization mode, steps C1 and C2 are assigned to
the human and C3 to the robot. In Cooperation mode, the human performs C1 and the robot C2 and
C3. In Collaboration mode, all three steps are assigned to the human.

Cooperation mode is faster than Synchronization mode, although the assembly steps C4 and 5
take longer (p = 4). This is due to the effect that in Cooperation mode, humans and robots are allowed
to work in the same workspace at the same time and therefore C5 can be processed simultaneously with
SA2 which is not permitted in Synchronization mode. Collaboration mode is the slowest human-robot
ASP resulting from the highest factor p and the additional Basic Movements (C4 (Hold) and C5 (Hold))
the robot performs. These Basic Movements allow the robot to act as a third hand as shown in Figure 2,
right side. Although Collaboration mode is slower compared to the other interaction modalities, the
ergonomics for the human improves when a third hand is available.

The incorporation of additional Basic Movements enhances resource utilization, decreasing the
robot’s idle time to just 11 seconds, in contrast to 46 seconds in Synchronization mode and 24 seconds
in Cooperation mode. It's important to note that the idle time for the robot in both Synchronization
and Cooperation occurs at the beginning and end of the sequence. This allows the robot to engage in
other tasks that may not be directly related to truck assembly. For instance, in Synchronization mode,
the robot could potentially operate a second truck assembly station.

6. Conclusion and Future Directions

In this work, we introduced a holistic framework designed to streamline the creation of assembly
sequence plans for Human-Robot Collaboration. Traditionally, creating these HRC assembly sequences
involves a labor-intensive manual process carried out by robotics experts. Our E2APR framework
provides a novel approach by leveraging product and process data such as CAD, DXF, and PDF/Excel
files to automatically generate assembly sequences. The framework integrates a product expert at
several key stages: for data enrichment, adjustment of weighting parameters related to time, cost,
and complexity, and overall review of the generated sequences. We demonstrated and assessed our
framework using a toy truck assembly case study. The experimental results highlight the framework’s
capability to automate the process across three different CAD file formats and its effectiveness in gener-
ating assembly sequences for various human-robot interaction modalities, including synchronization,
cooperation, and collaboration.

In future research, we plan to test the framework to more intricate industrial scenarios presented
by our industry collaborators, incorporating the Safety Analysis from our previous work [40]. We will
also compare the cycle times of the generated ASPs with real-time data to evaluate their accuracy. Ad-
ditionally, we will enhance the pre-population of the criteria catalogue, utilizing a prompt engineering
approach to compare and evaluate the results. Our ultimate goal is to leverage multiple assembly
sequences during the actual assembly process, allowing for dynamic switching between sequences
based on real-time information.
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The following abbreviations are used in this manuscript:

DXF Data Exchange Format

E?2APR Extract-Enrich-Assess-Plan-Review

MTM Methods-Time Measurement

EEPR Extract-Enrich-Plan-Review

CAD Computer Aided Design

ASP Assembly Sequence Planning

MTM-UAS  Methods-Time Measurement Universal Analysis System
STEP Standard for the Exchange of Product model data
PDF Portable Document Format

C Component

SA Sub-assembly

FP Final product
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