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Abstract: This paper presents a novel approach for extracting 3D weld point information using a
two-stage deep learning pipeline based on readily available 2D RGB cameras. Our method utilizes
YOLOv8s for object detection, specifically targeting vertices, followed by semantic segmentation for
precise pixel localization. This pipeline addresses the challenges posed by low-contrast images and
complex geometries, significantly reducing costs compared with traditional 3D-based solutions. We
demonstrated the effectiveness of our approach through a comparison with a 3D-point-cloud-based
method, showcasing the potential for improved speed and efficiency. This research advances the
field of automated welding by providing a cost-effective and versatile solution for extracting key
information from 2D images.

Keywords: initial weld point; robotic welding; object detection; robotics; computer vision; point
cloud; shipbuilding; intelligent welding; YOLO

1. Introduction

The shipbuilding industry is heavily reliant on efficient and precise construction
techniques. Welding complex double-hull structures, which are crucial for ship safety and
stability, often presents significant challenges when using traditional manual methods. This
has become a bottleneck in the development of the modern shipbuilding industry [1].

Double-hull structures, which are characterized by intricate networks of intersecting
plates and stiffeners, create a visually complex environment that complicates weld point
identification. This paper proposes a novel approach designed to address this challenge by
leveraging robotic welding coupled with automated weld point extraction using readily
available and cost-effective 2D cameras. To evaluate the effectiveness of our approach, we
compared its performance in terms of the processing time and accuracy against a system
that utilized 3D cameras.

1.1. Background

Automated weld point extraction for robotic welding has shown promise, but limita-
tions persist for complex structures with multiple welding joints. Existing robotic welding
systems, like “Dandy” [2], utilize robotic arms to automate the welding of double-hull struc-
tures in ships, but often rely on pre-programmed welding paths. This requires significant
manual input and limits their adaptability to complex geometries.

Traditional methods also suffer from a lengthy setup and programming times due
to the manual identification of weld points within the complex double-hull structure.
Furthermore, while 3D sensors offer high accuracy in weld point detection, their high cost
and complex data processing limit their widespread adoption in the shipbuilding industry.
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1.2. Related Work

A variety of approaches were suggested for the feature extraction of weld joints and
initial weld points from point clouds. Dinham [3] generated point clouds from stereo
camera sensors to extract straight-line weld joints for path planning. Zhang [4] and Gao [5]
employed point cloud data to detect and extract initial welding positions, with Zhang
concentrating on workpiece recognition and Gao on D-type weld seam extraction. Kim [6]
focused on 3D point cloud segmentation, proposing a method for extracting multiple
weld seams from RGB-depth images using point cloud registration to address occlusions.
Yang [7] proposed methods for specific types of weld seams, achieving a high accuracy
and robustness for intersecting pipes. Patil [8] presented a real-time weld seam extraction
algorithm for 3D point clouds using a robot arm, which is a procedure similar to the one
used in this study to extract the ground truth.

There were also studies on extracting initial weld points from 2D images. Wei [9]
introduced a technique using image morphology but it was mainly used on planar setups.
Liu [10] developed a precise initial weld position identification algorithm for fillet weld
seams using laser vision technology.

Some approaches based on deep convolutional neural networks include those of
Yang [11], who used YOLOv3 to locate weld seams on double-hull structures, and Li [12],
who used YOLOv5 to detect the initial weld position of each piece.

While previous studies explored various techniques for initial weld point extraction,
they often faced limitations in addressing the specific challenges posed by double-hull
structures. These methods frequently focus on isolated structures with limited visual
complexity, failing to generalize to real-world scenarios with multiple, overlapping welds,
and intricate geometries.

1.3. Contribution

This paper proposes a novel approach designed to overcome the limitations of existing
methods, enabling robust weld point identification, even in complex environments, like
those found within double-hull ship structures. We utilized data obtained from a cost-
effective 2D RGB camera to train two neural networks. The first network extracts key
features, such as vertices, from the image. The second network then leverages these
features to perform semantic segmentation around the vertex, pinpointing the region of
interest. This allows for extracting a precise pixel representing the initial weld point, which
is used to calculate a 3D position related to the frame of the robotic arm.

To benchmark our 2D approach, we utilized a 3D camera to establish ground truth
data and evaluate the processing time and accuracy of both methodologies. This research
could enhance the capabilities of robotic welding systems, like Dandy, by providing a more
cost-effective and efficient solution for weld point extraction.

2. Materials and Methods

This section details the methodology that was employed to calculate accurate 3D
information from 2D cameras for robotic operations, specifically focusing on initial weld
point localization. The main objective was to obtain accurate 3D positions related to the
robot frame. Two primary pipelines based on 3D point cloud and 2D image processing were
defined and compared for their efficiency in capturing, processing, and extracting data.

The software primarily consisted of programming languages such as C++17 and
Python 3.10. To automate the data collection phase, the robot and camera were connected
to a computer via an ROS (robot operating system) [13].

For the camera captures, Python ROS nodes were developed to save captures to files
for later processing. The 3D point clouds were processed using the C++ library Point
Cloud Library (PCL) [14], and the 2D captures were processed using YOLOv8 [15]. Bash
shell scripts and the Jupyter Python framework were used for testing and generating the
final data.
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2.1. Framework

Figure 1 depicts our experimental setup, which featured a Fanuc 200id robotic arm
with 6 degrees of freedom (dofs) mounted on an 800 mm wide table. This setup emulated a
“Dandy-like” robotic system that can be used in shipyards. In real-world scenarios, these
robots are typically maneuvered into position within a ship’s open block using a crane, as
illustrated in Figure 2. Our table served as a surrogate for the ship’s framework, providing
a stable base for the robot once it was positioned.

Figure 1. Experimental setup for automated weld point extraction. Fanuc 200i-D robotic arm
equipped with a welding torch and a dual 2D–3D RGB camera mounted on its end effector. A red
welding curtain is visible behind the robot and workpiece.

Figure 2. Dandy moving capacity on open block [16]. Scientific Figure on ResearchGate. Avail-
able from: https://www.researchgate.net/figure/DANDY-a-fixed-welding-robot-used-by-Daewoo-
Shipbuilding-Marine-Engineering-in-Korea_fig1_273632936 (accessed on 24 June 2024).

A camera, which was attached to the robot’s end effector, provided both point clouds
and RGB images (Figure 3). This dual-sensor setup allowed for a comparative analysis
between our novel 2D method and a conventional 3D-point-cloud-processing technique.

Figure 3. The 3D point cloud (left); 2D image (right).

https://www.researchgate.net/figure/DANDY-a-fixed-welding-robot-used-by-Daewoo-Shipbuilding-Marine-Engineering-in-Korea_fig1_273632936
https://www.researchgate.net/figure/DANDY-a-fixed-welding-robot-used-by-Daewoo-Shipbuilding-Marine-Engineering-in-Korea_fig1_273632936
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Our research utilized the Ensenso N35,which is a commercial 3D vision solution from
IDS Imaging Development Systems GmbH based on active stereo vision technology. This
versatile camera employs two cameras and a projector that projects a high-contrast pattern
onto the scene, enhancing the 3D reconstruction of objects, particularly those with a low
texture. Additionally, the Ensenso N35 incorporates a piezoelectric actuator to shift the
projected rays linearly, further improving the 3D reconstruction of challenging surfaces,
such as shiny, dark, or light-scattering objects. The Ensenso N35 is capable of generating
both 3D point clouds and 2D images. The 3D point cloud, which consisted of approximately
1.3 million points, was represented in R3 with a resolution of 1280 × 1024 pixels and exhib-
ited a depth accuracy of 0.5–1 mm for working distances ranging from 0.27 to 3 m. The
camera’s 2.3 MP sensor, with a resolution of 1936 × 1216 pixels, captured high-resolution
2D images alongside the 3D data. Additionally, the camera featured a focal length of
6–16 mm, allowing for flexible image capture at various distances.

Both the camera and the robot were connected to an MSI MS16-W2 laptop. This
platform, featuring 64 GB of RAM and an Nvidia GeForce RTX 3050 CUDA graphics
card, facilitated both the data processing and training of the deep learning models. This
setup allowed for a direct comparison between our 2D solution and the 3D point cloud
data acquired from the same camera, minimizing potential errors that arose from the
extrinsic calibration.

While our research focused on vertex detection in the context of robotic welding, actual
ship components are often massive, weighing several tons. This presents a significant
challenge for testing in a university lab setting, as our facilities were limited to safely
handling objects under 25 kg. To address this, we developed scaled-down versions of these
pieces, each representing half of a real-world component, which would typically have two
vertices. These scaled models measured between 200 and 400 mm in width and 100 mm
and 200 mm in height, allowing us to test our algorithms in a controlled environment
while maintaining the relevant geometric features. By focusing on a single vertex at a
time, we could efficiently conduct experiments and gather data within the constraints of
our laboratory.

Photos were typically captured with the robot positioned at the center of the 800 mm
wide table. This positioning ensured consistent image framing and facilitated a standard-
ized approach to data acquisition for both the 2D and 3D methods.

2.2. Two-Dimensional Feature Extraction

To accurately calculate the 3D position of the weld point from a 2D image, we needed
to identify the corresponding pixel in the image. As our target weld points formed a
U-shape, a vertex needed to be identified.

The U-shaped structures used in our experiments were fabricated from mild steel
plates, which is a material that is widely employed in the shipbuilding industry. Mild steel
exhibits desirable properties for shipbuilding applications, including a high tensile strength,
which ensures structural integrity, and excellent welding characteristics, facilitating reliable
joint creation [17]. Furthermore, the mild steel plates often possess a protective patina,
which is a thin oxidized layer that forms naturally on the surface. This patina helps
to mitigate issues related to shiny surfaces, which can pose challenges for vision-based
systems due to specular reflections.

Due to the complexity of the scene, traditional edge-detection algorithms, like Canny
or Bayesian filters, might fail to isolate the vertex reliably. Therefore, we employed a mixed
pipeline approach, as illustrated in Figure 4, combining two supervised deep learning
methods: object detection for vertex zone identification and semantic segmentation for
precise pixel localization.

The process of detecting the initial weld point started with capturing an image of the
workspace, which served as the foundation for the subsequent steps.
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Figure 4. Pixel extraction pipeline.

2.2.1. Object Detection

For robust and efficient vertex detection, we leveraged YOLO (You Only Look Once),
which is a widely recognized real-time object detection system renowned for its speed,
accuracy, and scalability. Our YOLO model was trained on a dataset specifically curated for
this task, consisting of ship frame images annotated with bounding boxes that meticulously
delineated the vertices. During the training process, the model learned to accurately predict
the coordinates of these bounding boxes, effectively localizing the vertices for various
points of interest (POIs).

We specifically employed YOLOv8, which is the most recent iteration of the YOLO
family at the time of our research. This choice stemmed from its superior performance
on our test machine, which was equipped with an Intel i7 processor and an Nvidia RTX
Series GPU. YOLOv8 builds upon the advancements introduced in YOLOv5, incorporating
further architectural and training enhancements to achieve improvements in both speed
and accuracy. While YOLOv5 already demonstrated significant progress in real-time
object detection, YOLOv8 takes a further step toward enabling efficient deployment on
constrained edge devices. Notably, YOLOv8 focuses on the following:

• Increased inference speed: optimized architecture and model quantization techniques
in YOLOv8 contribute to significantly faster inference, making it well-suited for real-
time applications on edge devices with limited processing power;

• Reduced model size: YOLOv8’s efficient design results in smaller model sizes com-
pared with YOLOv5, requiring less memory and storage, which are critical factors for
deployment on edge devices.

This emphasis on high-inference speed and reduced model size in YOLOv8 strongly
suggests its suitability for deployment on constrained edge devices, a crucial aspect for
making our weld point detection system more accessible and practical in various industrial
settings [18].

Table 1 summarizes the different YOLOv8 model variants, showcasing the trade-offs
between model size, accuracy, speed, and computational complexity.

Table 1. YOLOv8 detection models [19].

Model Size
(Pixels)

mAPval

50–95
Speed CPU
ONNX (ms)

Speed A100
TensorRT (ms) Params (M) FLOPs b

YOLOv8n 640 37.3 80.4 0.99 3.2 8.7
YOLOv8s 640 44.9 128.4 1.20 11.2 28.6
YOLOv8m 640 50.2 234.7 1.83 25.9 78.9
YOLOv8l 640 52.9 375.2 2.39 43.7 165.2
YOLOv8x 640 53.9 479.1 3.53 68.2 257.8

For our application, we opted for the YOLOv8s model, which is the second-smallest
variant in the YOLOv8 lineup. This strategic choice balanced performance with compu-
tational efficiency. While larger models like YOLOv8m, YOLOv8l, or YOLOv8x might
offer a marginally higher accuracy, their increased computational demands could pose
challenges for deployment on resource-constrained hardware. YOLOv8s, on the other hand,
provides a compelling blend of accuracy and speed, enabling reliable vertex detection, even
in low-resolution images, while maintaining feasibility for real-time applications.

To train the YOLOv8s model, we curated a dataset that comprised images from real
pieces combined with others taken in the lab, some with natural light and others with
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artificial light. We manually labeled 41 photographs, focusing on the vertex regions,
and used Roboflow [20] to augment this dataset, resulting in a total of 95 images. The
augmentation techniques applied included the following:

• Horizontal flips: mirroring the images horizontally to increase the variety of
vertex orientations;

• Rotations: rotating images by ±15º to account for potential variations in camera orientation;
• Exposure adjustments: modifying the exposure by +10% and −10% to introduce

robustness to different lighting conditions;
• Blurring: applying a Gaussian blur with a radius of up to 2.5 pixels to simulate slight

defocusing or motion blur.

These data augmentation techniques played a crucial role in enhancing the model’s
robustness, particularly in scenarios involving small object detection. By expanding the
training dataset with diverse variations of the original images, the model learned to general-
ize better and becomes more resilient to changes in lighting, orientation, and image quality.

As this research represented a proof of concept, the dataset size was intentionally
limited. However, for production-level deployments, the dataset can be readily expanded
to further improve the model’s accuracy and generalizability. The dataset can be ex-
plored and downloaded at the following link: https://universe.roboflow.com/ml2d/ml2d
(accessed on 24 June 2024).

The training was performed using the YOLO training pipeline, employing the follow-
ing parameters:

• Image resolution: The input images were resized to 640 × 640 pixels, which is a
commonly used resolution for YOLO models. This ensured a consistent input size for
the model.

• Epochs: the model was trained for 75 epochs, which is a relatively small number to
mitigate overfitting due to the limited dataset size.

• Batch size: A batch size of 16 was used during the training. This means that the model
was updated after simultaneously processing 16 images. This parameter was based
on the available resources. A larger batch size can improve the training speed, but it
might require more memory.

• Learning rate: The learning rate was set to 0.01. This parameter controls how much
the model’s weights are adjusted during each training iteration. A higher learning
rate can lead to faster convergence, but it might result in oscillations or overshooting
the optimal weights.

• Optimizer: The stochastic gradient descent (SGD) optimizer was employed. The SGD
is a classic optimization algorithm that iteratively updates the model’s weights based
on the gradient of the loss function.

Figure 5 shows the results after training. The training loss curves for the bounding box,
classification, and confidence score prediction all decreased significantly over the 75 epochs,
indicating that the model learned effectively. The model achieved a good performance with
high precision (around 0.7), recall (around 0.6), and mAP scores (reaching approximately
0.55 for mAP50). This suggests that the trained model was capable of accurately detecting
vertex regions within images.

Once trained, the YOLOv8s model could be deployed to detect the vertex regions in
new images. The predicted bounding box coordinates generated by the model were then
used to crop the relevant regions, facilitating the next stage of semantic segmentation for
precise pixel localization.

https://universe.roboflow.com/ml2d/ml2d


Machines 2024, 12, 447 7 of 20

Figure 5. Training curves and performance metrics for the YOLOv8s object detection model. The
x-axis represents the training epochs (unitless), and the y-axis represents the loss values (unitless). The
curves illustrate the model’s learning progress, with a significant decrease in loss and improvements
in the precision, recall, and mAP50 scores, indicating effective training.

2.2.2. Semantic Segmentation

While the object detection model effectively identifies a bounding box encompassing
the vertex, the vertex itself might be slightly offset from the center of this region. Fur-
thermore, the workspace’s characteristics, including the grayscale camera and dark metal
surfaces, can produce images with low contrast. This low contrast increases the risk of
false positives when using traditional analytical methods. To address these challenges, we
employed semantic segmentation, specifically on the cropped vertex regions.

Instead of segmenting the entire image, which could lead to extensive post-processing,
we focused on the cropped region obtained from the object detection stage. This cropped
region was a small image, typically around 50 × 50 or 12 × 12 pixels. We then scaled
this cropped image to 640 × 640 pixels to match the input requirements of the semantic
segmentation model. We annotated the pixels surrounding the vertex to train the semantic
segmentation model. This focused approach, particularly in the context of low-contrast
images, facilitated the pattern recognition and enhanced the segmentation accuracy.

The dataset, which is available at https://universe.roboflow.com/ml2d/sam_vertex
(accessed on 24 June 2024), comprises images obtained from the previous object detection
model applied to various pieces. Some of these images were further processed using the
Segment Anything Model (SAM) [21].

To achieve optimal convergence in this training process, the semantic segmentation
model required an extended training regimen of 250 epochs using the YOLO training
pipeline. This training utilized the semantic segmentation model with the same learning
rate, optimizer, and batch parameters as the object detection model.

The results of the semantic segmentation training can be seen in Figure 6. The figure
displays training curves for a YOLO-based semantic segmentation model trained for
250 epochs to precisely locate vertices within cropped images. The curves show the training
loss for the bounding box, segmentation, classification, and confidence score predictions.
The x-axis represents the training epochs, and the y-axis represents the loss value (unitless).

As the training progressed over 200 epochs, significant decreases were observed in
all loss curves, indicating that the model effectively learned to identify the vertex within
the cropped image. This was further supported by the decrease in the loss related to the
bounding box, segmentation, classification, and confidence score predictions, suggesting
that the model learned to distinguish the vertex accurately from its surroundings.

https://universe.roboflow.com/ml2d/sam_vertex
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Figure 6. Training curves for the YOLO-based semantic segmentation. The x-axis represents the
training epochs, and the y-axis represents the loss (unitless). The curves show a decreasing trend
in loss across all tasks, indicating that the model effectively learned to identify vertices within
cropped images.

2.2.3. Pixel Calculation

Once the vertex region was segmented, we pinpointed the precise vertex location by
calculating the middle point of all segmented pixels. Figure 7 showcases the results of the
2D pipeline. The figure presents a series of four images for each of three different vertices,
representing a progression through the pipeline.

• Image 1: the first image in each set shows the original image with the bounding box
from the object detection stage, highlighting the detected vertex;

• Image 2: the second image shows the cropped area around the detected vertex, which
was further processed by the semantic segmentation model;

• Image 3: the third image shows the result of the semantic segmentation, where the
pixels corresponding to the vertex are highlighted in red;

• Image 4: the fourth image shows the final pixel location calculated from the semantic
segmentation, as represented by a small white circle in the center of the segmented area.

The figure demonstrates the effectiveness of our 2D pipeline in accurately identifying
and localizing the vertex points, which were crucial for determining the initial weld point.
The images clearly show how the pipeline operates, from detecting the vertex in the full
image to selecting the precise pixel location through a series of processing steps. As can be
seen from left to right, as the target was far from the sensor, the pixel was bigger and it was
more difficult to find the correct point.

However, by focusing on the midpoint of the segmented pixels, our method main-
tained robustness against variations in the image resolution. This ensured reliable vertex
localization, even when the imaging conditions were less than ideal.

2.3. Three-Dimensional Position of the Initial Weld Point

Having successfully identified the weld point’s pixel location in the 2D image using
our YOLO-based pipeline, we now turn our attention to the crucial step of transforming
this 2D information into a precise 3D position relative to the robot’s base frame. This section
delves into the intricate relationship between the robot’s pose and the detected pixel, laying
the foundation for accurate weld point localization in the real world.

We explore how the robot’s position and orientation, which is captured through its
pose, combined with the pinhole camera model, allows us to project the detected pixel back
into the 3D workspace. This involves establishing a clear understanding of the various ref-
erence frames involved, the transformations between them, and how these transformations
relate to the camera’s perspective and the pixel coordinates. By meticulously integrating
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these concepts, we aimed to unveil a robust methodology for accurately determining the
3D position of the initial weld point for robotic operations.

Figure 7. Results of the 2D pipeline for vertex detection and localization. Each row shows the steps
involved in processing a single vertex: original image with a bounding box, cropped region, semantic
segmentation, and final pixel location.

Reference Frames

The robot’s position and orientation, collectively known as its pose, are crucial for
accurately determining the 3D location of the weld point. To achieve this, we established a
specific reference frame called the “base target” (bt). This frame is aligned with the base
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of the robotic arm, which in a “Dandy-like” system, is situated on the same plane as the
weld point, which is our target. This reference frame is designated as the “base target” (bt)
because we assumed it is directly connected to the plane containing the weld point, which
we refer to as the “target plane”. Figure 8 provides a visual representation of the reference
frames used throughout this study.

Figure 8. Reference frames.

The camera mounted on the robot has its own base, which we refer to as the “base of
the sensor” (bs).

The transformation matrix, denoted as T, plays a pivotal role in representing and
manipulating objects in 3D space. It combines both rotation and translation information,
providing a unified mathematical framework for describing changes in an object’s position
and orientation.

The matrix T in Equation (1) is a 4 × 4 matrix that is structured as follows:

T =

[
R3×3 t3×1

0 1

]
(1)

Here, R is a 3 × 3 rotation matrix that describes how an object’s coordinate axes are
rotated relative to a reference frame. The 3 × 1 translation vector t represents the object’s
displacement, specifying how far it is shifted along each of the coordinate axes.

The robot’s internal system provides the first crucial transformation, denoted as Tbt
bs ,

which maps the relationship between these two frames: the base of the target (bt) and the
base of the sensor (bs). Essentially, this transformation tells us how the camera’s base is
positioned and oriented relative to the robot’s base.

The second transformation accounts for the offset between the mounting point of
the sensor (bs) and the sensor origin (s). This transformation Tbs

s is determined through
hand-eye calibration using the Tsai procedure [22].

The homogeneous matrix Tbt
s in Equation (2) defines the position of the camera sensor

with respect to the robot base frame:

Tbt
s = Tbt

bs Tbs
s (2)

The primary objective of this study was to determine Tbt
t , which is the transformation

matrix that maps the weld point’s location relative to the robot’s base frame (bt). To achieve
this, we needed to extract Ts

t from the camera data, which represents the transformation
matrix relating the weld point to the camera’s sensor frame (s).
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We utilized the pinhole camera model [23,24] (Figure 9) to project the identified 2D
pixel onto the 3D world.

Figure 9. Pinhole camera model.

To accurately project 3D points in the world coordinate frame onto the 2D image plane,
we needed to consider both the camera’s internal parameters and its external position and
orientation. The intrinsic camera matrix (K) captures the camera’s internal parameters
(Equation (3)), such as the focal length and principal point, which are fixed for a given
camera, and can be estimated using calibration procedures [25]. However, the camera’s
position and orientation in the world coordinate frame are also crucial. This is where
the extrinsic camera matrix (M) comes into play. The extrinsic matrix M combines both
the camera’s rotation (R) and translation (t) relative to the world coordinate frame and
can be expressed as a combination of the intrinsic camera matrix (K), rotation (R), and
translation (t) according to M = K[R t] (Equation (6)). This matrix allows us to accurately
project 3D world points to 2D image points, taking into account the camera’s pose and
internal parameters.

For an undistorted image, the intrinsic calibration camera matrix K takes the form of
Equation (3):

K =

 fx 0 cx
0 fy cy
0 0 1

 (3)

where fx and fy represent the focal lengths, and cx and cy represent the principal point
offset, expressed in pixel units.

And the matrix M takes the form of Equation (4):

M = K3×3
[
R3×3 t3×1

]
(4)

In the case where there are no rotation and no translation, M takes the form that can
be seen in Equation (5):

M = K3×3
[
I3×3 03×1

]
(5)

M =

 fx 0 cx 0
0 fy cy 0
0 0 1 0

 (6)
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We begin by determining Ts
t . Using the pinhole camera model, a known 3D point in the

camera frame Pc can be projected onto the image plane using the perspective transformation
K, resulting in the 2D pixel p in Equation (7):

p = MPc (7)

where (u) and (v) are the coordinates of pixel p in the image plane, and Xc, Yc, and Zc are
the coordinates of point P in the camera frame.

Our goal was to find the 3D coordinates of the initial weld point Pw based on the
identified pixel p. We needed to establish reference frames to perform the calculations.

We know the transformation Tbt
s from Equation (2).

First, we express a point in camera coordinates Pc to a point Pw in the robot base frame
using Equation (8):

Pw = Tbt
s Pc (8)

Then, we multiply each side of the equation by the inverse of the transform Tbt
s , that is

Tbt
s
−1

; then, we obtain (9) and (10):

Tbt
s

−1
Pw = Pc (9)

Pc = Tbt
s
−1

Pw (10)

Using Equation (10) in Equation (7) and multiplying both sides by s allows us to
calculate a point on the line passing through the camera center and the selected pixel
according to Equation (11):

sp = MTbt−1

s Pw (11)

The scale factor s is introduced because a 2D pixel projected onto the 3D world could
lie anywhere along the line connecting the camera center and the real 3D point. To calculate
Pw, we rearrange Equation (11) to give Equation (12):

Tbt
s M−1sp = Pw (12)

Leveraging the pixel identified in Section 2.2.3, the robot transformation Tbt
s , and the

camera matrix M, we can calculate two 3D points along the projection line by selecting
two distinct values for the scale factor ‘s’. These points define a parametrized line equation
representing the ray originating from the camera center and passing through the detected
vertex in the image.

To ensure accurate 3D position estimation, we introduce a constraint by assuming the
base plane (bt plane) is known. This is a valid assumption in our experimental setup, as the
robot rests on the base piece, similar to the “Dandy” robot in a shipyard. If this plane is
not readily available, it can be easily determined using a standard chessboard calibration
technique [23,26].

With the known base plane, we can project the 2D pixel onto this plane, effectively
finding the intersection point between the projection line (defined by the two 3D points)
and the base plane. This intersection point represents the accurate 3D position of the initial
weld point relative to the robot’s base frame.

3. Experiment Results and Discussion
3.1. Experimental Setup

To validate the effectiveness of the proposed initial weld point extraction method, a
series of experiments were conducted. The experimental setup is illustrated in Figure 1.
Two U-shaped samples were used in the experiments, one of which is shown in Figure 3. The
experiments were conducted following a semi-straight line from approximately 0.5 to 1.5 m
from the sensor to the target vertex, which are similar distances to those used in actual
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production. The experiments consisted of a series of captures of point clouds and images at
the same position on the robot, with the aim of comparing the 2D and 3D errors.

3.2. Ground Truth Retrieval

With the aim to compare our novel method results with the 3D output, the vertex
point was extracted from a point cloud obtained from the camera. Point Cloud Library
(PCL), which is based on C++, was used to extract data from the point clouds. A pipeline
was established to analyze the point cloud output of the camera, which was a disorganized
collection of x, y, and z points. This pipeline was used to detect the vertices on the object. As
the sensor moved away from the target, the scattered nature of the points in the point cloud
necessitated a modified version of the pipeline, resulting in fewer points on the interesting
planes. Figure 10 illustrates the general pipeline.

Figure 10. Three-dimensional pixel extraction pipeline.

This section describes the extraction of vertex points from the 3D camera output to be
compared with our novel method results. We leveraged the PCL to process the unorganized
point cloud data (x, y, and z coordinates). A specialized pipeline extracted vertices from the
point cloud.

Figure 10 illustrates the main steps:

1. Downsampling: This reduces the density of the point cloud by grouping nearby points
into 3D cubes (voxels), each with a side length of 2 mm. This process balances the
accuracy and processing time by simplifying the point cloud while retaining relevant
geometric information.

2. RANSAC: The RANSAC (Random Sample Consensus) algorithm [27] was employed
to extract planes from the point cloud. RANSAC works by iteratively selecting a
minimal set of points (in this case, 500 points) to define a plane, and then evaluates
the consensus of the remaining points against this plane. This process was repeated
for a maximum of 100 iterations. A point was considered an inlier if its distance from
the fitted plane was less than 3 mm. This robust approach effectively identified the
dominant planes within the point cloud, even in the presence of noise and outliers.

3. Plane intersection: Potential U-shaped structures were identified by verifying the near-
perpendicularity of three extracted planes. To ensure a robust detection, we required
that the planes formed angles close to 90 degrees, with a tolerance of 3 degrees.
Additionally, we checked that each point within the point cloud was located within
a maximum distance of 3 cm from the intersection points of all three planes. This
combined approach effectively identified potential U-shaped structures by verifying
both the geometric relationship between the planes and the spatial arrangement of
the points within the point cloud.

4. Vertex extraction: the intersection point of these three planes becomes the candidate vertex.

As the sensor’s distance from the target increases, the resulting point cloud becomes less
dense, with fewer points representing the relevant planes. This sparsity poses a challenge for
accurately identifying vertices. To address this, the pipeline incorporated several adaptive
measures, requiring the manual adjustment of key parameters. The voxelization process,
with a voxel size of 2 mm, was adjusted to account for the reduced point density, effectively
clustering points into smaller 3D cubes to enhance the point cloud’s density. Furthermore, the
RANSAC algorithm’s parameters, including the minimum number of points (500), maximum
iterations (100), and distance threshold (3 mm), were manually adjusted to ensure robust plane
extraction, even in scenarios with fewer points. The perpendicularity check, which verified
the near-perpendicularity between planes with a tolerance of 3 degrees and a maximum point
distance of 3 cm from the intersection points, was also adapted through manual adjustment to
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the changing point cloud density. This adaptive approach, which required manual parameter
tuning, ensured efficient and reliable vertex extraction and provided a solid foundation for
further analysis and comparison with our novel 2D image processing method.

We deemed a point to be a suitable choice for a vertex if it met the pre-defined criteria.
We acquired a 3D point in the camera frame and then used the frames mentioned to transfer
this point to the robot frame.

3.3. Two-Dimensional Feature Extraction Error

Section 2.2 explains how the novel method identifies points in an image as initial weld
points. For each potential point, the method calculate the corresponding location on the
image based on the known 3D ground truth position.

The “2D error” reflects the difference between the actual pixel location extracted from this
method and the calculated pixel location from the 3D projection. This error is measured in pixels.

As can be seen in Figure 11, when the camera was close to the target, each pixel
covered a smaller area, and thus, there were more pixels to choose from. Conversely, when
the camera was farther away, each pixel encompassed a larger area, and thus, there were
fewer pixels to choose from. In short, the closer to the camera, the less sensitive the method
should be to pixel errors.

Figure 11. Two-dimensional error distance in pixels.

3.4. Three-Dimensional Distance Error

Section 2.3 tackles the conversion of a 2D image to their corresponding locations on
a 3D robot frame, using the target plane as the reference. In this comparison, a slight
variation existed in the Z-coordinate of these points due to extrinsic calibration, which
impacted their accurate matching.

To address this, we introduced the concept of a “3D error”. This metric measured the
difference in meters between the actual 3D point from the point cloud and its calculated 2D
counterpart derived from this novel method. The 3D location was calculated by elevating
the reference plane at the Z-coordinate of the point cloud vertex.

By employing this approach, we could effectively compare points between the 3D
point cloud and the 2D image, despite the Z-coordinate discrepancy caused by the cal-
ibration. This allowed for a more accurate assessment of the matching process and its
potential limitations.

Figure 12 reveals a critical relationship between the sensor distance and distance
error stability. Points within a 0.8–1.1 meter range from the target exhibited the most
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consistent distance error values. This range presented a valuable balance, enabling the
capture of the entire scene of interest in a single image while minimizing the impact
of potential extrinsic calibration discrepancies associated with image fusion techniques
requiring multiple sensor positions. Consequently, employing the sensor within this
identified range facilitated the achievement of both comprehensive scene capture and
accurate distance measurements within our experimental setup. This approach eliminates
the need for image fusion, simplifying the measurement process and effectively mitigating
potential extrinsic calibration errors. Further investigation into the influence of sensor
resolution and environmental factors on distance error within this optimal range could
provide valuable insights for future optimization efforts.

As detailed in Section 3.3, the sensor proximity to the target influenced the sensitivity
of the pixel errors to real-world distances. With a closer sensor, each pixel represented
a smaller area, reducing the impact of pixel-level discrepancies on resulting distance
measurements. Conversely, at larger sensor distances, a single pixel covered a larger area,
meaning the same pixel error translated to a bigger actual distance variation.

Figure 12. Three-dimensional error distance in meters.

This effect can be seen when comparing Figures 11 and 12. They highlight how the 3D
error nearly quadrupled (from 0.4 to 1.4 m) for the same pixel error due to this distance-
dependent sensitivity. Interestingly, the zone between 0.9 and 1.0 meters appeared to offer
a “sweet spot” with greater stability in the 3D error, despite the pixel variations.

This finding underscores the importance of considering the sensor distance when
interpreting both 2D and 3D measurements. Selecting an appropriate distance range, such
as the observed stable zone, can help to mitigate distance-related errors and improve the
accuracy of the results.

3.5. Processing Time

This pipeline highlighted the contrasting processing times between point cloud and
image analyses. While downsampling offered initial efficiency, the subsequent plane extrac-
tion, which is arguably the most complex step, scaled with the number of planes detected,
leading to variable processing times. In contrast, pixel extraction in the 2D image analysis
remained fairly consistent across images and primarily depended on the pixel count.

Table 2 reflects this disparity. On average, 3D point cloud processing required a
significantly higher duration (6097 ms) compared with the 308 ms for image processing
using CPU inference. Additionally, the standard deviation for the point cloud processing
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(3500 ms) underscored its greater variability compared with the image-processing deviation
of 19 ms.

The optimal choice depends on the specific application’s requirements, balancing the
need for detailed spatial data with the processing speed and cost constraints.

Table 2. Image and point cloud processing times.

Process Mean Deviation Min Max

Novel 2D image 308.472 19.349 272.404 357.010
3D point cloud 6097.310 3503.454 679.888 15,828.210

Compared with traditional point cloud approaches, this new method excelled in terms
of speed, reducing the processing time by at least 50% and it was up to 50 times faster in
complex scenarios. Figure 13 visually demonstrates the dramatic acceleration, especially
for point clouds containing many planes. Further potential for performance gains lie in
utilizing GPUs and optimizing debugging practices.

Figure 13. Processing time comparison.

3.6. Lighting Conditions

The accuracy of the weld point extraction using vision systems can be significantly
impacted by variations in lighting conditions and the angle of the sensor. Welding flares
from other robots, especially in a multi-robot environment, pose a significant challenge for
accurate image-based weld point identification.

To address these challenges, our research adopted a multi-pronged approach:
Controlled environment: Our initial experiments were conducted in a controlled

laboratory environment to minimize the influence of external light sources. This allowed
us to isolate the specific challenges related to our method before tackling the complexities
of real-world scenarios.
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Lighting variations: We conducted experiments using a curtain to create different
illumination scenarios, simulating variations in lighting conditions. These experiments,
illustrated in Figure 14, demonstrate that the point cloud data were more sensitive to
lighting variations compared with the 2D images, highlighting the potential advantages of
using 2D images for weld point extraction in challenging environments.

Sensor angle: We conducted experiments with the camera positioned at different
angles relative to the workpiece, including 45 degrees, 90 degrees at 25 cm from the center,
and 90 degrees at 40 cm from the center. These experiments, also illustrated in Figure 14 ,
demonstrate that capturing both vertices in a single 2D image from a central position is
possible in certain cases, whereas point clouds might require at least two captures, one
for each vertex. This highlights the potential benefits of our 2D approach for capturing
multiple weld points in a single image, potentially improving the efficiency and reducing
the processing time.

Figure 14. Lighting variation comparison.

Multi-robot scenarios: While completely eliminating welding flares might not be
possible in multi-robot scenarios, we envision integrating our 2D pipeline with a syn-
chronized control system for multiple robots. This synchronized system could potentially
mitigate the impact of welding flares by considering the positions and movements of all
robots within the workspace, ensuring that each robot’s vision system captures the weld
points accurately.

Future research: We recognize the complexities of real-world welding environments
and plan to investigate strategies for mitigating the impact of welding flares and other
external light sources in future research. This could involve exploring methods for image
pre-processing, such as noise reduction and adaptive thresholding, or developing more
robust deep learning models that are less sensitive to lighting variations. We believe that our
approach, by leveraging the advantages of 2D image processing, exploring the potential of
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single-image capture, and considering the potential for synchronized multi-robot systems,
provides a promising foundation for addressing these challenges in future applications.

4. Conclusions

This paper presents a novel, cost-effective approach for initial weld point extraction
using 2D RGB cameras and deep learning techniques. Our method leverages a two-stage
YOLOv8s pipeline, combining object detection and semantic segmentation, to extract 3D
keypoints from images. This approach offers significant cost advantages compared with
traditional 3D point cloud methods, primarily due to the lower requirements for 2D camera
lens accuracy.

Our approach demonstrates several key advantages:

• Cost-effectiveness: our method offers a significant cost reduction, up to 50 times
lower compared with traditional RGB-D cameras, making it an attractive solution for
industrial settings with budget constraints.

• Versatility: the use of 2D cameras provides flexibility and adaptability for various
welding scenarios, as they are easier to integrate into existing robotic systems com-
pared with more complex 3D sensing solutions.

• Robustness: our two-stage YOLO pipeline was found to be effective in identifying
keypoints, particularly in scenarios with low-contrast images, such as those produced
by grayscale cameras and dark metal surfaces.

• Efficiency: Initial tests, which were conducted in simulation using an ROS and struc-
tured robot data, demonstrated near real-time performance. Further optimization
with GPU acceleration and reduced data saving can potentially enhance the speed
and efficiency.

While 3D point cloud approaches offer greater accuracy in certain scenarios, our 2D
image-based approach demonstrates its potential for versatility and cost-efficiency. The 3D
pipeline, relying primarily on analytical plane extraction, exhibits slower performance for
high-resolution or complex point clouds. Our 2D approach, while requiring training and
retraining for different objects and scenarios, offers a promising alternative for applications
where cost and flexibility are paramount.

Key findings:

• We developed a methodology for identifying keypoints from 3D point clouds.
• We present a novel 2D image-based approach for detecting 3D keypoints, incorporat-

ing robot positioning information.
• We conducted a comparative analysis that demonstrated the potential benefits and

limitations of both 2D and 3D approaches.

This advancement holds significant potential for real-world industrial applications, where
efficient and reliable weld point extraction is critical for automated welding processes.
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