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1. Introduction 

In the face of global competition and the ongoing trend toward 
customization, automation plays a key role in modern 
manufacturing. It is causing a shift from traditional mass 
production to high-mix, low-volume (HMLV) production. This 
new model requires a high degree of flexibility and adaptability 
[1], [2], [3]. Although robots have been established as flexible 
hardware platforms, programming them in HMLV 
environments remains a significant challenge [1], [4].  To 
reduce the significant manual programming required for 
robotic assembly, skill libraries have been introduced [5], [6]. 
However, parametrizing these skills is not trivial [2], [3]. 
Manual parametrization, as well as self-learning systems such 
as reinforcement learning approaches, often results in 
significant scrap rates in the early stages of production [6], [7]. 
In HMLV manufacturing, this is particularly problematic due 

to low volumes and high material costs [3], [8]. Search 
algorithms, such as spiral search, are used to reduce the amount 
of scrap through unsuccessful trials at the cost of production 
time [1], [6]. To utilize a search algorithm as a fallback option, 
the system must be able to recognize when a state has been 
reached that can be classified as “good” [6], [9]. A significant 
shortcoming of current robot programming is its inability to 
automatically detect and describe errors. Due to factors such as 
the sim-to-real gap, drift, and systematic deviations in the 
product and resources, e.g., caused by a batch change or system 
maintenance, manual reteaching (fine-tuning) is still necessary
[1], [5]. This still causes machine downtime and requires the 
use of expensive experts [3], [5], [10]. Many automated
approaches treat error detection as a binary problem, checking,
for example, only for the presence of an object [9], [11], [12], 
[13]. Methods that can distinguish between different error 
classes often require a large amount of input data for training. 
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This data may contain errors and is often manually labeled [6], 
[11], [14]. In order for error detection to be used in HMLV 
scenarios for quality control strategies, errors must be detected 
automatically and described in a way that the control algorithm 
can understand. Current robotics approaches attempt to 
implement this adaptive capability via iterative learning control 
(ILC) [15], [16]. ILC methods are designed to optimize 
recurring tasks through repeated execution. They use the results 
of previous attempts to improve control commands for 
subsequent ones [17]. However, existing ILC implementations 
are often limited in the context of HMLV manufacturing due to 
a lack of repetition [18].

This work introduces a conceptual framework to improve the 
ability to automatically derive quality characteristics and 
adaptively correct errors, even within HMLV scenarios. To 
achieve this, errors are not described for each case; instead, 
they are automatically detected, and what is considered
"incorrect" is deducted based on existing standards and 
conventions. The general tolerances specified in ISO 2768, 
standard in mechanical engineering, or the designer's 
specifications in CAD serve as a starting point for threshold 
values. The quality achieved can then be evaluated based on 
these quality areas. A perception module is required to assess 
quality based on this information. This module describes the 
geometric relationships between components and assemblies. 
CAD files are used to derive target parameters, which are then 
visually checked in the process using an RGB-D camera. The 
quality information obtained is then used to apply ILC. To 
effectively use ILC in an HMLV environment, it is applied at 
the skill level, where individual skills in the skill library exhibit 
sufficient similarity, even between product variants. This 
ensures that frequent repetition of skills has a positive effect, 
even with small batch sizes of individual product variants. This 
enables the continuous improvement of assembly processes.
This approach can independently react to systematic 
disturbances through autonomous quality description, 
recording and control. This reduces plant downtime, the need 
for expert intervention, scrap and increases efficiency.

2. Related Work

This chapter outlines the current state of research in three key 
areas that are crucial for developing an adaptive, quality-
assured assembly system. Firstly, it examines approaches to 
visual defect detection that identify deviations in the assembly 
process. Second, it presents iterative learning control (ILC) as 
a method that enables robots to enhance their performance over 
time and prevent such errors in the future. Thirdly, it analyses 
the importance of geometric tolerances in defining quality 
standards and their application in robot control. Together, these 
three areas of research provide a foundation for overcoming the 
given challenges.

2.1. Visual Error Detection

Visual error detection in automated quality control is often 
performed using deep learning-based models trained on either 
2D images or 3D data such as point clouds [9], [19], [20], [21], 
[22], [23]. A trend in recent literature is the use of object 
detection frameworks, such as YOLO [19], [24], [25]. One 
weakness of this approach is the precise detection and 
evaluation of critical factors, such as geometrical tolerances, 
orientation, or subtle defects like slight misalignments, that 
occur during assembly scenarios in HMLV environments,
beyond simple binary detection of anomalies. This binary error 
detection can be approached using supervised learning 
methods, i.e., machine learning algorithms, which are applied 
when a predefined set of defect types is available in advance. 
This reliance on predefined classes, however, is a major 
downside [23]. In HMLV settings, supervised models require 
frequent retraining and are inherently limited in their ability to 
generalize to previously unseen errors, which can make them 
less suitable for dynamic or flexible manufacturing systems.
Unsupervised approaches offer a compelling alternative, 
particularly for assemblies where the range of possible 
malfunctions is either unknown or too vast to define. These 
methods typically compare input data to a reference, 
representing normality and flagging deviations above a certain 
threshold as potential anomalies [9], [19], [23], [26]. Training-
based and untrained methods are employed to model normality, 
but they risk overlooking minor anomalies or poorly 
reconstructing complex surfaces [19], [23]. One key limitation 
is the inability to identify the specific type of malfunction or 
error [23]. Both the supervised and unsupervised approaches 
typically require substantial amounts of training data, the 
collection of which can be labor-intensive and time-consuming 
[19], [23]. To mitigate this challenge, the synthetic generation 
of training samples can be used, significantly reducing the 
manual effort involved in data acquisition [12], [20]. A relevant 
untrained method is the Iterative Closest Point (ICP) algorithm. 
This geometric matching enables precise detection of 
misalignments or positional errors by directly comparing the 
scanned part to its ideal configuration, offering a label-free 
alternative for identifying assembly defects and requiring no 
prior training or datasets [27], [28]. However, a major 
downside of this method is the extensive calculation time 
needed for real-time detection [19].

2.2. Iterative Learning Control

Iterative Learning Control (ILC) is a technique that improves 
the performance of systems executing the same task repeatedly. 
The core principle is to use information from previous 
iterations to update the control signal for the subsequent one. 
The general update law can be expressed as (1):

𝑢𝑢𝑘𝑘+1 = 𝑢𝑢𝑘𝑘 + ∆(𝑢𝑢𝑘𝑘, 𝑒𝑒𝑘𝑘) (1)

Here, 𝑢𝑢𝑘𝑘 represents the control input for the 𝑘𝑘-th iteration, 𝑒𝑒𝑘𝑘
is the measured tracking error from that same iteration (i.e., the 
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difference between the desired and actual output), and 
∆(𝑢𝑢𝑘𝑘, 𝑒𝑒𝑘𝑘) is the correction term and is a function of the error 
and input recorded over the previous trial. Through this 
iterative refinement, the system's output is driven closer to the 
desired target with each repetition. [17] ILC has emerged as a 
robust method for improving task execution in robotics through 
repeated trial-and-error, particularly in structured and repetitive 
settings. It has been widely used to enhance the precision of
trajectory tracking, force control, and contact-based operations 
such as screwing and insertion [29]. Early applications focused 
on high-volume manufacturing tasks, where ILC demonstrated 
rapid convergence to high accuracy, often outperforming 
classical feedback control by correcting repeatable error 
components between iterations. However, standard ILC 
approaches assume identical task repetition, which poses a 
limitation in HMLV production environments [30]. In such 
settings, product variability and low repetition rates hinder the 
convergence needed for classical ILC to be effective. To 
address this, recent studies propose modularizing ILC at the 
skill level, allowing learned corrections for tasks like gripping, 
pick-and-place, or alignment to be reused across variants [31]. 
These skill-level approaches align well with modern robotics 
frameworks that decompose tasks into reusable, parameterized 
primitives. By enabling localized learning within individual 
skills rather than complete trajectories, such methods maintain 
quality while accommodating variation.

2.3. Tolerance in Robotic Assembly

Compliance with geometric tolerances is a crucial factor in 
determining the quality and functionality of mechanical 
assemblies. Traditionally, tolerance analysis has been 
considered statistically and separately from direct robot 
control, as demonstrated in early work on representing
geometric deviations using matrix transformations. [32] Newer 
approaches aim to make tolerance information directly usable 
for robot planning from digital product data. A promising 
approach is the extraction of semantic Geometric 
Dimensioning and Tolerancing (GD&T) information from 
standardized CAD exchange formats such as STEP AP242. 
Such data can form the basis for automatic tolerance 
assignment and assembly analysis, which significantly reduces 
manual effort. This information is used to plan robot paths and 
evaluate the feasibility of assembly tasks, such as pick-and-
place operations, taking tolerance chains into account. [8], [33], 
[34], [35] In practical applications, the focus is often on solving 
specific, tolerance-critical tasks. A classic example is the peg-
in-hole process, where even minimal deviations can lead to 
failure. Methods have been developed for this purpose that 
operate based on contact condition estimates or passive 
alignment principles for extremely tight clearances. The 
automation of robot planning using product and manufacturing 
information is also an active field of research aimed at closing
the gap between design and manufacturing. [36], [37], [38]

Although these studies highlight the progress made in using 
tolerance information for robot assembly control, integration 
into a closed-loop control system that detects deviations and 
corrects the process adaptively remains a key challenge. 
Especially for HMLV scenarios, a framework is needed that 
uses tolerance assessments not only for error detection but also 
as continuous feedback for learning-based control approaches 
such as ILC.

3. Research Approach

This chapter outlines the research approach, which is divided 
into four interconnected modules. These modules form a closed 
loop for an adaptive robotic assembly system that operates 
autonomously in dynamic manufacturing environments.

3.1. Perception Module

The initial phase of this approach focuses on the precise and 
automated detection of the environment and components. 
Automatic initial calibration is performed at the 
commencement of the process chain, wherein the robot base is 
detected via point cloud matching using a Zivid RGB-D 
camera. This process, as shown in [39], establishes a 
foundational reference for subsequent measurements and 
movements. To address the challenge of acquiring extensive 
annotated datasets in HMLV manufacturing, synthetic RGB-D 
datasets are automatically generated from CAD data within
NVIDIA Isaac Sim (Fig. 1). The content of the dataset is 
structured according to the BOP standard, the Benchmark for 
6D Object Pose Estimation. These virtual datasets are then 
utilized for training deep learning object recognition networks, 
facilitating the development of robust models without the need 
for laborious manual data collection. The virtually trained 
networks are subsequently deployed in the real production 
environment for rapid detection of approximate component 
positions and intermediate states, represented as bounding 

Fig. 1. Output from the simulation environment; Top left: Virtual RGB 
image, top right: Depth information in grayscale, bottom left: ground truth 
information, bottom right: visualization of the automatically labeled image 
with randomized object count, object position, lighting, and material 
properties.
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boxes. This serves as an initial estimate, reducing the search 
space for more precise methods. A focused Region of Interest 
(RoI) is then defined based on the specific task, encompassing 
the relevant objects, such as the component to be assembled 
and the intermediate state. This reduction of the RoI 
significantly minimizes computational effort and enhances 
processing speed. For highly accurate position determination, 
3D matching methods, such as the Iterative Closest Point (ICP) 
algorithm, are employed. The coarse position obtained from the 
initial object detection serves as the starting point for ICP, 
thereby accelerating convergence and improving accuracy in 
determining the exact positions of components and 
intermediate states. The complete process, including all steps,
can be seen in Fig. 2.Following each assembly step, a new 
image is captured using the RGB-D camera. This image serves 
to select objects for the subsequent assembly step and to 
evaluate the success of the preceding assembly. To precisely 
isolate the newly assembled component and determine its 
position, the point clouds are segmented by utilizing the 
difference formation. The pre-assembly point cloud, lacking 
the component, is compared to the post-assembly point cloud, 
which includes the component. The resulting difference 
represents the newly added component at its current position. 
Subsequently, the isolated points of the component are 
subtracted from the intermediate state. This is followed by 
matching the CAD data of both the component and the 
intermediate assembly within the segmented point clouds, with 
the expected pose serving as the initial starting position for ICP
(Fig. 3). This enables the precise determination of the 
component's position relative to the intermediate assembly.

3.2. Quality Module

The quality model enables the robotic system to objectively 
assess assembly success and quantify deviations from the 
expected standard. The actual transformation (rotation and 
translation) as seen in equation (2) is calculated from the 
precisely determined positions of the component and the 
intermediate assembly, derived from sensor data.

𝑇𝑇𝐼𝐼
𝐶𝐶 = (

𝑛𝑛𝑥𝑥 𝑜𝑜𝑥𝑥 𝑎𝑎𝑥𝑥 𝑡𝑡𝑥𝑥
𝑛𝑛𝑦𝑦 𝑜𝑜𝑦𝑦 𝑎𝑎𝑦𝑦 𝑡𝑡𝑦𝑦
𝑛𝑛𝑧𝑧 𝑜𝑜𝑧𝑧 𝑎𝑎𝑧𝑧 𝑡𝑡𝑧𝑧
0 0 0 1

) (2)

The target transformation (rotation and translation) is 
automatically extracted directly from the CAD data. The 
difference between the target and actual transformations is then 
calculated in the value comparison and converted into 
conventional descriptions of position tolerances, such as offsets 
in X, Y, Z, and rotational deviations, with the equations shown 
in (3) and (4).

𝑇𝑇𝐼𝐼𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝐶𝐶 = (

𝑛𝑛𝑥𝑥 𝑜𝑜𝑥𝑥 𝑎𝑎𝑥𝑥 𝑡𝑡𝑥𝑥
𝑛𝑛𝑦𝑦 𝑜𝑜𝑦𝑦 𝑎𝑎𝑦𝑦 𝑡𝑡𝑦𝑦
𝑛𝑛𝑧𝑧 𝑜𝑜𝑧𝑧 𝑎𝑎𝑧𝑧 𝑡𝑡𝑧𝑧
0 0 0 1

) = (
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑥𝑥
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑦𝑦
−𝑠𝑠𝑠𝑠 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑧𝑧

0 0 0 1
) (3)
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Fig. 3. The flowchart shows how the presented concept improves the next assembly step iteratively based on deviations from the previous step. It also shows how 
changes in the scene and systematic errors can be addressed. The necessary information is automatically derived from the components' CAD data

Fig. 2. Process for determining the position of the newly assembled 
component in the current intermediate assembly. From left to right: Point 
cloud > Segmented point cloud > CAD data match
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𝑥𝑥 = 𝑡𝑡𝑥𝑥 𝜑𝜑𝑥𝑥 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(±𝑜𝑜𝑧𝑧,±𝑎𝑎𝑧𝑧)
𝑦𝑦 = 𝑡𝑡𝑦𝑦 𝜑𝜑𝑦𝑦 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(∓𝑛𝑛𝑧𝑧,±√𝑛𝑛𝑥𝑥2 + 𝑛𝑛𝑦𝑦2) (4)
𝑧𝑧 = 𝑡𝑡𝑧𝑧 𝜑𝜑𝑧𝑧 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎2(±𝑛𝑛𝑦𝑦,±𝑛𝑛𝑥𝑥)

Threshold values for decision-making are derived from 
commonly used mechanical engineering standards and 
conventions, such as ISO 2768, or designer specifications 
embedded within the CAD data. These thresholds determine 
whether the assembly quality is sufficient to proceed with the 
process, facilitating early error detection and preventing the 
production of scrap. In contrast to binary error definitions 
prevalent in current research, these metrics provide continuous 
feedback, which is subsequently utilized for ILC, even when 
the assembly falls within tolerance.

3.3. Skill Framework

To effectively manage the complexity of robot programming in 
HMLV environments and maximize the benefits of ILC, a skill 
framework is employed. Complex assembly processes are 
decomposed into discrete skills, each describing an elementary 
robot operation that exhibits similarity across different 
products and variants. The granularity of these skills ensures 
that their underlying operations are sufficiently homogeneous 
across diverse products and variants, which is crucial for 
practical ILC application, even with small batch sizes. The 
limited complexity of each skill allows for positive influence 
through ILC. Controllable parameters are identified at the skill 
level, designated for optimization by ILC. The initial 
parametrization of the skills is set according to the target values 
and subsequently adapted to the scene based on the results of 
the perception module.

3.4. Control Module

The control mechanism is a critical element that endows the 
robotic system with adaptive behavior. Error feedback from the 
quality model, even when within tolerance, is transmitted to the 
Iterative Learning Control (ILC). This distinguishes the 
presented approach from existing ILC methods, which often 
learn exclusively from explicit error events. This enables 
continuous improvement and the early correction of systematic 
errors, such as inaccuracies in robot positioning accuracy or 
deviations in initial calibration. While ILC typically thrives on 
frequent repetitions, which are uncommon in HMLV 
environments due to small batch sizes, this challenge is 
addressed by applying ILC at the individual skill level. Since 
process skills, by their limited complexity and scope, recur 
across different products and variants, ILC can be deployed 
more effectively. Since a skill is primarily related to the 
resource, the inaccuracies of the resource can be learned over 
many iterations. This information remains valid even in the 
face of frequent changes to the overall product or its variants. 
Learning at the skill level enables the robotic system to 
generalize acquired knowledge to similar skills in other 

products and variants, leading to a significant reduction in 
programming effort and rapid adaptation to new scenarios.

4. Conclusion 

This work presents a concept for advancing robotic assembly 
in HMLV manufacturing, combining CAD-driven perception, 
standards-based quality evaluation, and skill-level ILC. By 
providing robots with iterative, non-binary feedback based 
directly on the designer's intentions, it can be possible to 
implement a control strategy that achieves flexible automation.
The goal is to minimize plant downtime, the need for expert 
intervention and scrap, even with high product variety by 
reducing the need for re-teaching. The system continuously 
learns and compensates for deviations without the need to 
create a system model. The work primarily focuses on 
assembly situations in which assembly tolerances are more 
important than component tolerances. However, if the process 
fails completely, for instance, if the component tips over or falls 
out after assembly, the perception module cannot provide 
meaningful feedback to the control module. But the approach 
primarily focuses on improving object quality rather than 
initializing the process. However, even in the intended 
scenarios, significant challenges remain, including limitations 
in sim-to-real transfer, the completeness and reliability of 
CAD-encoded tolerances, and the generalizability of skill 
abstractions across diverse assemblies. Addressing these open 
questions will be essential for progressing from promising 
prototypes to robust, real-world solutions. Nevertheless, this 
research represents a step towards self-improving, data-driven 
robotics for flexible factories of the future. The modules 
presented will be developed in the next stage. The perception 
module of the framework is currently in the development and 
integration phase. A demonstrator will be built and test 
components developed for validation purposes. Results and 
evaluations will be published in future papers.
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