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Abstract. The rising skill shortage problem in Europe threatens the
economic slowdown in the manufacturing sector. Approaches based
on artificial intelligence can play a crucial role in bridging the short-
age gap if they can be integrated into robot-assisted production to
simplify repetitive manual tasks. Localizing components in a produc-
tion cell is a familiar problem of robot-assisted production. Robots
are often taught trajectories manually, which requires expertise in
robot programming. Some of the existing feature-based computer vi-
sion solutions can localize a component in 3D space. However, these
solutions are not versatile enough to be integrated across different
components and production cells. This paper proposes an AI-based
solution in the form of a pipeline for the 6D localization of compo-
nents that can be integrated into multiple industrial use cases. The
pipeline encompasses flows for generating synthetic images of com-
ponents from their CAD model, training deep neural networks to
estimate component poses, and improving their accuracy for man-
ufacturing applications. The performance of the pipeline has been
validated for components in a production-related environment. The
paper also demonstrates the versatility of the pipeline by deploying
it for a robotic spray coating use case. Such AI skills can empower
the skilled workforce on the shop floor so that they can focus on the
overall manufacturing process.

1 Introduction

Despite the numerous technological advancements made over the
past two centuries, the human workforce has consistently held a vi-
tal position in ensuring the continuous production of manufactured
goods. However, the manufacturing sector faces a significant chal-
lenge due to recent reports of skilled workforce shortages in Eu-
rope [7]. The problem is particularly severe in Germany, where the
shortage has reached an all-time high, with nearly half of the compa-
nies reporting it [20]. Moreover, the necessity to transition towards
a climate-neutral economy has added to the challenge of increasing
production in the near future.

At the same time, there is a notable surge in global investments in
artificial intelligence (AI). This trend is also evident in Europe, where
total AI investment is projected to reach approximately 186 billion
Euros by 2030 [18]. As companies begin to implement AI solutions
to address the challenges posed by the shortage of skilled workers,

there is a potential to enhance labor productivity by up to 40% in Eu-
rope by 2035 [16]. This can be done by assisting or augmenting the
skilled workforce using AI technologies and helping them perform
repetitive, recurrent tasks more efficiently, thereby focusing more on
higher value-adding activities. Moreover, AI is also paving the way
for intelligent automation solutions that are different from traditional
ones in terms of adaptibility, cognition, and decision making. In the
manufacturing sector, robotics, smart sensors, and smart automation
are the high demand areas for AI technologies [24].

One such application of AI technologies is robot-based manufac-
turing, where a component’s 3D position and 3D orientation (to-
gether known as 6D pose) is needed before the manufacturing pro-
cess starts. Robots in a production cell need a precise description of
a component’s position and orientation to execute the planned tasks.
In many cases, the position of a component is not fixed and cannot
be taught directly to the robot. In this case, a component’s position
and orientation must be determined dynamically before starting the
process. Solutions addressing these problems include using measure-
ment probes and vision sensors. They are mainly developed focusing
on the production setup and environment, such as the geometry of
the components, local features, lighting, etc. The local features of
a component, such as holes, pockets, edges, and corners, may pro-
vide an advantage in that the overall geometry of a component must
not be known. While this approach works as desired, integrating it
into another use case is extremely difficult without reprogramming
and revalidation. Surrounding light often causes problems if the illu-
mination conditions inside the production environment change. On
the other hand, best-fit approaches based on the CAD model allow
the algorithms to be reused but do not guarantee the final accuracy
achieved due to the solution getting trapped in local minima.

With numerous valuable developments in AI over the last few
years, extracting 3D information from a scene, such as the 6D pose
of a component can be AI driven. In deep learning, convolution neu-
ral networks (CNNs) have emerged as one of the most successful
tools for easy and scalable AI implementation in different domains.
However, to train AI, annotated datasets are needed. Furthermore,
these AI implementations are mostly validated for standard datasets
in computer vision and do not consider the challenges related to tex-
tureless industrial components and varying production environments.
If these problems can be solved, AI-based solutions can be deployed
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for multiple use cases without much rework just by training them on
a different dataset.

2 Related work

In manufacturing, the critical task of localizing a component involves
determining its pose relative to the robot’s location within the manu-
facturing cell. This is often accomplished by integrating vision-based
metrology systems that utilize cameras or other visual sensors to cap-
ture data of the component in the form either images, depth maps or
a point cloud. Advanced computer vision algorithms and techniques,
including deep learning and point cloud processing, are employed to
tackle the challenges of accurately estimating the 6D pose of objects
from various sensor inputs such as RGB images, depth maps, or point
clouds.

Marker-based pose estimation is a widely adopted approach that
utilizes targets and cameras for accurate pose estimation and com-
ponent identification. Its main advantage is that precise measure-
ments rely on robust feature extraction and subpixel-accurate target
detection. By using coded unique identifiers, component identifica-
tion can be achieved with precision, allowing for associations with
instructions and product passes. However, the installation of targets
increases lead time and can potentially introduce errors. In [4], a
multi-camera system with ten cameras was employed to simultane-
ously validate the shape fidelity of components on an entire holding
fixture.

The estimation of a pose without the use of markers relies on
the features of the component. Traditional objects pose estimation
methods, based on image and depth data, typically involve match-
ing local features. For instance, the Scale-Invariant Feature Trans-
form (SIFT) [15] method is used to extract local features such as
corners or blobs and represent them as descriptors. An example of
a large-scale vision-based metrology system that relies on features
rather than targets is described in [25]. This system is utilized to de-
termine the position of rivets on the skin of fuselage shells, enabling
shape and position adjustment for the assembly of fuselage sections.
While these techniques work well with texture-rich objects, they may
struggle with texture-poor items commonly found in industrial envi-
ronments.

When it comes to using point clouds, the Iterative Closest Point
(ICP) algorithm [3] is a trusted and effective method for aligning 3D
models by minimizing the distance between corresponding points.
However, it requires good initial pose estimates or otherwise can
get stuck in local minima. In the context of additive manufacturing,
a real-time object pose tracking system using ICP has been show-
cased by Liu et al. [14], aimed at automating the depowdering pro-
cess post 3D printing. This system accurately determines the pose
of 3D-printed parts, even when they are partially obscured. Utiliz-
ing the continuously updated 6D pose data, the system dynamically
plans and modifies the robot’s trajectory, enabling efficient powder
removal through methods such as vacuuming or air blasting.

Recent single-stage methods for estimating an object’s 6D pose
have been developed using deep learning techniques. These ap-
proaches include 6D pose estimation from a single RGB image
[12, 19, 5] and multiple RGB images [13]. Deep learning has also
been implemented for RGB-D image-based pose estimation ap-
proaches [11, 26]. For instance, Xiang et al. [28] introduced a con-
volutional neural network that estimates a 6D pose from an RGB
image and then refines the pose with ICP using the depth map. While
point cloud-based methods [9, 21, 22] for 6D pose estimation have
been proposed, they are less common. This is primarily due to the

unstructured nature of point clouds, which poses challenges for con-
ventional convolutional architectures [8, 10].

Deep learning-based methods, when trained on realistic training
images, generally exhibit greater robustness to scene attributes like
illumination and contrast and lead to better results [6]. However,
these approaches have been mainly evaluated for computer vision
datasets and lack results for industrial components in production
cells. Integrating deep learning with more conventional methods can
leverage both texture and geometry-based features, enhancing the
overall performance by combining the initial estimate from the deep
neural network with the precision of the ICP algorithm. For example,
the robotic spray painting application presented in the work of Wang
et al. [27] uses such a combined approach. The target object, a chair,
is classified into four basic orientations using deep neural networks.
After that, ICP registration is used to refine the rough estimate. In this
approach, classifying into four orientations may not always suffice,
as there is a high risk of obtaining a local minimum solution with
ICP, particularly for symmetric and near-symmetric objects. Another
drawback of the proposed approach is that it was only demonstrated
on a single object, and hence versatility cannot be guaranteed.

AI-driven approaches are recognized globally as important cata-
lysts for factory transformation towards digital evolution [2]. Indus-
trial robots with smart sensors are becoming increasingly popular.
However, the advanced systems required for these robots are often
not readily available from manufacturers or are only partially pro-
vided. Many of these systems are still in the experimental phase or
undergoing trials before commercial deployment or customization
for specific applications. The transition from a proven concept in the
laboratory to a fully operational system in real-world settings is often
a time-consuming and intricate process [1].

3 Pipeline-based concept

After carefully considering the limitations and difficulties associated
with various technologies, a novel approach has been developed for
extracting a 6D pose of a component in robotic manufacturing ap-
plications. This approach is based on a multi-stage pipeline concept,
representing a network of pre-programmed service tasks with prede-
fined capabilities. The key advantage of this concept is that it elim-
inates the need for reprogramming. The same pipeline can be uti-
lized for different components or different production environments
by simply adjusting the parameters of the service tasks to accom-
modate various CAD models. Figure 1 showcases the pipeline and
illustrates the overall working concept to provide a visual represen-
tation of the concept.

The pipeline network consists of two main flows. The first flow,
known as the training flow, focuses on synthetic data generation and
AI training for estimating the 6D pose of the component. The pri-
mary objective in this stage is to generate high-quality training data
efficiently. This data is then utilized in subsequent stages to train mul-
tiple AI networks. Modifications are required in the AI data-loading
scripts to ensure compatibility with the data generated in the previ-
ous step. It is important to note that most existing AI implementa-
tions are designed and benchmarked for general datasets that typi-
cally contain simple objects. However, in the manufacturing sector,
components exhibit diverse geometries and materials. Therefore, a
thorough examination and careful selection of data generation meth-
ods are necessary. The advantage of this approach is that the training
data generated once can be leveraged to train multiple AI networks
for various tasks like object detection and segmentation. The imple-
mentation details of this flow are provided in Section 4, where a com-
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Figure 1. Pipeline for extracting a 6D pose of a component

prehensive explanation is provided. The runtime flow is designed to
obtain the final 6D pose of a known component from a scene. It is
essential that the training flow is executed beforehand, as the trained
models are utilized on captured sensor data to obtain an initial es-
timate of the component’s position. Subsequently, ICP-based pose
refinement method is employed to improve the AI-estimated pose,
thereby enhancing the accuracy. Detailed explanations of this method
is provided in Section 5.

This flow-based approach ensures that the pipeline network is
reusable and versatile. Even if synthetic data generation and train-
ing need to be repeated for different components and use cases, they
can be accomplished with minimal human effort. Thanks to the ad-
vancements in graphics cards, the entire training flow can be com-
pleted within a few hours. Additionally, the runtime flow is com-
pletely reusable as it relies on the mesh data of the known compo-
nent. The initial pose predicted by AI serves as a safeguard against
local minima during the fine adjustment stage.

To test the robustness of the pipeline in different production envi-
ronments, a special demonstrator was used. This demonstrator con-
sists of two components mounted on an industrial hand cart, as shown
in Figure 2. One component, ManholeBox, has distinctive features on
all sides, while another component, GeometricPlate, is a planar ob-
ject with significant features only on its top and bottom sides. The
overall setup is modular, which means parts can be translated and ro-
tated in different directions. This flexibility enables thorough testing
to ensure the pipeline can handle changes in the production environ-
ment effectively.

Manhole Box Geometric Plate

Figure 2. Demonstrator with two components used for validation

4 Synthetic data generation and 6D pose
estimation

Getting realistic labeled data for training AI is one of the most crit-
ical aspects of achieving high AI performance. An AI that predicts
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an object’s 6D pose needs an accurate description of the object’s po-
sition and orientation in 3D space for training. Gathering this data
is a highly laborious and time-consuming process. However, several
script-based synthetic data generation tools have emerged in recent
years, enabling a scalable generation of training data [6, 17].

For large assembly CAD models in production, the training flow
described in Figure 1 can be split into three parts. The first part of
the flow exports the list of components and meshes from the CAD
model, whose 6D pose needs to be extracted later. The second part
of the flow generates thousands of synthetic images and ground truth
required for training AI. This data is later used in the final part of the
flow to train a suitable AI for estimating the 6D pose of the compo-
nents. The synthetic data generation approach used here to generate
high-quality data using CAD models for training has been addressed
separately in the work of Rawal et al. [23]. For this, different data
generation procedures are formulated and used in various combi-
nations to generate a scene for rendering. The scene is defined by
randomizing several entities, such as realistic textured planes, lights,
camera perspective, object materials, etc. At the same time, the target
domain knowledge from the assembly CAD model, such as physi-
cal constraints between different components in an assembly, is pre-
served. This allows a good mix of training data that can be used for a
use case. For a different use case, the data can be regenerated from its
CAD model with minimal manual effort. Using this approach, 15K
images of the demonstrator were generated in 12 hours. Figure 3
shows some of the sample images generated using the CAD model
of the demonstrator.

Figure 3. Synthetic image samples generated from demonstrator
components

The generated dataset is then used to train CNN-based deep neu-
ral networks. Several implementations exist for estimating an ob-
ject’s 6D pose in computer vision. However, the implementations
that estimate 6D pose from a single RGB image are more popular
because they can be used with low-cost sensors such as webcams.
In this work, two state-of-the-art proven networks, DOPE [12] and
EfficientPose [5], were chosen and adapted so that they could be
trained with the custom-generated dataset. The DOPE network is
based on first detecting 2D keypoints in images and later estimating
the 6D pose using the Perspective-n-Point (PnP) algorithm. Efficient-
Pose network, on the other hand, is regression-based and can directly
predict the position and orientation of an object.

The training was started for the generated dataset with standard
parameters provided by the frameworks. The training curves for both
networks converged well after 100 epochs. For DOPE, every object
had to be individually trained, which increased the training time. This
was not the case for EfficientPose. DOPE often failed to detect all
keypoints, resulting in missing prediction instances, and is therefore
unable to estimate the pose. On the other hand, EfficientPose demon-
strated greater robustness with consistent predictions. Hence, in this
paper, results only from EfficientPose neural network are presented.
For EfficientPose, the ADD(-S) metric after training reached almost
83%, comparable to the metric achieved for multiple objects on the
Occlusion dataset [5]. The average error in translation was limited to
22 mm and in rotation to 21°.

Figure 4. Ground truth and predictions with EfficientPose on synthetic and
real images. Green bounding boxes represent ground truth poses, whereas

bounding boxes with other colors represent the predictions.

Figure 4 illustrates the deviations between the ground truth and
the predicted 6D poses for a synthetic image of the demonstrator
objects. For a real image, it presents the inference results using the
trained EfficientPose model. The image showcases the 3D bounding
boxes and local frames of the components. As the model is trained
on synthetic data, the simulation-to-reality gap also contributes to
slight prediction inaccuracies. This discrepancy in accuracy can be
attributed to the direct regression of the pose from the image without
learning local 2D features.

5 Pose refinement and results

The accuracy of 6D pose estimation using deep learning approaches
can be limited for high-precision manufacturing applications. How-
ever, this can be further improved by incorporating additional scene
data, such as point clouds. By capturing point clouds of the objects,
registration-based methods like ICP can be employed to reduce mis-
alignment iteratively. This strategy complements the previous RGB
image-based 6D pose estimation approach because a good initial
transform in the form of a rough estimated pose can be provided
as input to the ICP method. This helps to avoid getting stuck in local
minimum solutions and improves the overall accuracy of the pose es-
timation. Furthermore, the image and depth channel of the data can
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be utilized separately to extract more information and enhance the ac-
curacy of the results. By leveraging both the RGB image and depth
data, it is possible to improve the precision of the pose estimation
process.

While performing ICP, the maximum correspondence distance pa-
rameter is a critical factor in conjunction with the initial transforma-
tion. Adjusting this parameter according to the initial transformation
can achieve a significant number of inlier correspondences between
the source and target point clouds. Ideally, an accurate initial trans-
formation and a small value of maximum correspondence distance
are desired for optimal results. However, if the initial transformation
is inaccurate, increasing the maximum correspondence distance may
be necessary to find more correspondences. However, this increase
may introduce a potential risk of correspondence mismatch, which
can result in a loose alignment.

ICP 1st Layer

ICP 2nd Layer

ICP 3rd Layer

Estimated 

pose

Final 

pose

Refined 

pose

Refined 

pose

���� � �� 		

���� � 
�� 		

���� � 
� 		

Figure 5. ICP block layers for pose refinement

To address this issue, the ICP method can be repeated multiple
times with decreasing maximum correspondence distance. Figure 5
illustrates this concept with three layers of ICP blocks, where the
variable dmax represents the maximum correspondence distance.
The specific values shown in Figure 5 are tuned for the ManholeBox
and GeometricPlate components used in the demonstration. How-
ever, these values may need to be adjusted depending on the scale
of the components and the accuracy of the initial transformation. In
each layer, the source point cloud is created by uniformly sampling
the mesh files of the target components and the captured scene is
chosen as the target point cloud for all ICP blocks. The AI-predicted
pose is selected as the initial transformation for the first layer, and
the refined pose obtained after alignment serves as the initial trans-
formation for the subsequent layers.

For testing the overall pose extraction concept on components,
sensors capable of capturing 3D scene information, such as color
images, depth images, and point clouds, are needed. Here, Zivid Two
M70 [29] structured light sensor is used. The captured 3D data is pro-
vided in the form of an ordered point cloud, where each pixel in the
corresponding image has a corresponding point in the point cloud. In
Figure 6, an image and a colored point cloud captured by the sensor
are shown. Both the image and the point cloud are saved in the sensor
coordinate frame. The image has color values for all the pixels, while
the point cloud only shows the triangulated points that are within the
measuring range of the sensor.

Figure 7 shows the 6D pose prediction result on an image captured
by the sensor. The estimated 6D poses are represented by plotting the
3D bounding boxes on the images. However, visualizing the transla-
tion error along the Z-axis of the sensor frame is extremely difficult
because the Z-axis of the sensor frame is perpendicular to the im-
age plane. Figure 8 visualizes these 6D poses by plotting them on

Image Point cloud

Figure 6. 3D scene data captured using Zivid Two M70 sensor

Figure 7. Estimated poses of demonstrator components using
EfficientPose neural network

3D point clouds. Here, the estimated 6D poses are depicted as or-
ange meshes, while the improved poses obtained after applying ICP
layers are shown as green meshes. The point cloud is plotted in the
sensor coordinate frame, which is also visible. It is worth noting that
the green meshes align perfectly with the components present in the
scene, indicating a successful convergence in the final registration re-
sult. The translation and rotation error can be easily spotted by look-
ing at the offsets between the orange and the green meshes. These
errors in the estimated 6D pose are effectively corrected using ICP.

For studying the pose estimation accuracy in detail, nine data
frames of demonstrator components from different perspectives were
captured and evaluated. Surprisingly, during the 6D pose estima-
tion, the predicted poses consistently showed a tendency to be fur-
ther away from the sensor compared to their actual positions in 3D
space. This indicates a consistent error in the Z coordinate of the
translation. To further investigate the impact of translation in each
direction, statistical analysis of the results was conducted. Table 1
provides a summary of the results obtained from all instances. The
table includes mean and standard deviation values for both compo-
nents separately. The mean values indicate the accuracy of the final
pose, assuming that the final pose after pose improvement resulted in
an ideal fit. On the other hand, the standard deviation values reflect
the precision of the estimation. The table also presents the correction
values for individual translation elements in all three directions. Ad-
ditionally, it shows the absolute correction values for translation and
rotation in all directions.

Upon analyzing the individual translation correction values, it is
evident that there is a significant correction along the Z-axis (Δtz )
of the sensor frame for both components. This observation confirms
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Figure 8. Refined pose achieved using ICP. The coordinate frame represents the origin of the target point cloud. Meshes in orange show the estimated 6D
pose, and meshes in green show the improved results.

Table 1. Pose correction results using ICP

Correction
ManholeBox GeometricPlate

Mean Std. Dev Mean Std. Dev

Δtx (mm) 16.67 13.19 22.68 12.47
Δty (mm) 4.63 3.62 10.95 3.23
Δtz (mm) 118.29 33.10 77.25 46.33

Δt (mm) 120.21 33.54 83.59 43.90

Δθ (°) 10.41 5.39 20.82 13.73

the earlier finding that the predicted poses consistently appeared fur-
ther away from the sensor than their actual positions. In contrast,
the pose correction values in the other directions are relatively low.
Additionally, when considering the angular correction values, it is
observed that the ManholeBox component has smaller corrections
compared to the GeometricPlate component. This suggests that the
6D pose estimation for the ManholeBox component exhibits better
accuracy in terms of orientation. This is because ManholeBox has ge-
ometric features on all the sides, whereas GeometricPlate is planar.
Overall, the pose improvement steps successfully corrected approxi-
mately 120 mm of translation error and 20° of rotation error.

6 Use case: Robotic spray coating

After validating the pipeline network on the demonstrator compo-
nents, it was integrated into an industrial robotic spray coating ap-
plication. Figure 9 shows the setup of the robotic spray coating use
case. A lightweight robot equipped with spray-coating end effector
deposits corrosion-inhibiting compounds on the manufactured pas-
senger aircraft door. The aircraft door is mounted vertically in the
spraying chamber. The Zivid sensor is attached to the end effector to
localize the aircraft door with respect to the robot. The sensor cap-
tures the component features, and from a known CAD model of the
component, its accurate 6D pose can be extracted. The extracted pose
is then transformed from the sensor to the robot base frame. For this,

Sensor

Robot arm

Passenger 

aircraft door

Spray coating 

end-effector

Figure 9. Robotic spray coating setup

the hand-eye calibration between the sensor and the robot flange is
required in prior. The transformation between the robot base and the
robot flange is known from the robot pose.

The pipeline-based approach developed here using the demonstra-
tor could be easily adapted for the spray coating use case for the
aircraft door in one week. This time was needed mainly for generat-
ing synthetic data and training neural networks. Figure 10 compares
the estimated and final pose of the aircraft door. The captured point
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Estimated 6D pose Final 6D pose

Figure 10. 6D pose estimation and pose correction of the passenger
aircraft door. Mesh in orange show the estimated 6D pose, and mesh in

green show the final result.

cloud covers the bottom part of the door. The final pose after re-
finement shows an excellent alignment. A translation correction of
72 mm was applied to the estimated pose to achieve the final pose
result.

Figure 11. Robot spraying the designated areas on the passenger aircraft
door

Once the 6D pose of a component is known accurately, a pre-
defined robot program is adjusted to match the current pose of the
component. After checking for collisions, the trajectories defined in
the robot program are executed to deposit the corrosion-inhibiting
compound on the component’s surface. An accurate solution will
result in less overspray of the corrosion-inhibiting compound. Fig-
ure 11 shows an image of the robot spraying the compound along
the adapted path. The outcome of using this approach is not merely
the automation of a manufacturing process, but also the creation of a
versatile and reusable solution that fits multiple use cases and com-
ponents. If the use case or components within a use case are mod-
ified, the training flow, as depicted in Figure 1, must be executed
again after updating the CAD model of the production environment.
The trained model can be ready for deployment within as little as
two days, depending on the performance of the GPUs used for train-
ing. Compared to traditional computer vision approaches that do not
utilize deep neural networks, this method eliminates the need for ex-
tensive programming and testing efforts for each use case. This not
only reduces development-related costs but also lowers the skill level
required to develop such a solution. Implementing this approach re-
quires a moderate investment, such as setting up a high-performance

AI server and a compatible robotic system. If required, these manu-
facturing applications can be scaled up for multiple use cases with-
out significantly increasing costs. In this use case, the data acqui-
sition and processing parts are digitalized so that a human operator
can handle the spray coating application with a few clicks, focusing
more on other essential aspects of the process. This is one example
of how AI-based digital solutions in manufacturing can help human
workforces accomplish tasks in an easy and simple way.

7 Conclusion

This work introduces a pipeline network-based approach for localiz-
ing a component to achieve a versatile solution for different robotic
use cases. The pipeline network contains training and runtime flow.
The training flow encompasses a synthetic data generation process
and neural network training for estimating rough 6D poses in the
scene. On the other hand, the runtime flow involves capturing data
from the scene and utilizing the trained neural network model to pre-
dict the 6D poses of target components. To enhance the accuracy
of these poses, a traditional ICP algorithm is employed for further
refinement, resulting in refined poses of the components. The pro-
posed pipeline is based on CAD models of industrial components.
This characteristic ensures that the pipeline is reusable and adaptable
for various robotic applications with minimal human effort.

The performance of the entire pipeline network was validated on
an industrial demonstrator. The EfficientPose neural network was
chosen to carry out the 6D pose estimation task. The images and
point clouds captured by a structured light sensor were used for 6D
pose estimation and improvement tasks. Such sensor fusion tech-
niques are helpful as one can benefit from the data differently. The
pipeline results show a robust performance and deliver highly accu-
rate 6D poses of target components by simply using their mesh files
for alignment. Furthermore, the versatility aspect of the pipeline was
also demonstrated for a robotic spray coating use case. Accurate 6D
poses extracted from the scene data were used to adapt offline trajec-
tories for depositing corrosion-inhibiting compounds on the compo-
nent’s surface.

The AI tools and technologies used in this work have been devel-
oped in the last two to four years. However, because the scope and
capabilities of AI technologies are proliferating day by day, the syn-
thetic data generation and 6D pose estimation tools used in this work
may become outdated in the near future. The future AI world is ex-
pected to be dominated by generative adversarial networks (GAN).
New approaches based on GAN could provide newer ways for es-
timating 6D poses of objects. However, in general, such pipeline-
based solutions are the way forward to close skill mismatch gaps in
the manufacturing industry. Consequently, AI-based digital solutions
should be prioritized to streamline manufacturing tasks and support
human workforces with limited robotics expertise.
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