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Abstract— Weld bead grinding is a critical post-processing
step in metal fabrication, yet conventional robotic grinding
based on teach-pendant programming lacks adaptability to
variations in bead geometry and position. This paper presents a
vision-guided robotic grinding system that combines deep
learning-based weld bead segmentation, automated grinding
path generation, and digital twin-based pre-verification. A
U-Net model with a ResNet34 encoder and ImageNet
pre-training segments weld bead regions from RGB images
captured by an Intel RealSense D415 camera mounted on a
Staubli RX160 manipulator, achieving a mean Intersection over
Union (IoU) of 0.9311 and a Dice coefficient of 0.9641. The
segmented bead contours are transformed into the robot
coordinate frame through hand-eye calibration and forward
kinematics, enabling automated generation of grinding
waypoints along the bead centerline. The CHOMP algorithm
plans collision-free trajectories within Movelt, and all planned
motions are validated in a digital twin environment built on
NVIDIA Isaac Sim 5.0, integrated with ROS through a
distributed multi-container architecture. Experimental results
demonstrate that the proposed system effectively generates
adaptive grinding paths for varying weld bead geometries and
verifies them in simulation before physical deployment.

I. INTRODUCTION

Welding is among the most prevalent joining methods in
metal fabrication across shipbuilding, automotive, and
structural steel industries. The weld beads remaining on
workpiece surfaces after welding must be removed through
grinding to ensure dimensional accuracy and surface quality,
as residual beads can act as stress concentrators that
compromise fatigue life [1]. Conventionally, weld bead
grinding has been performed manually using handheld angle
grinders, which is labor-intensive, produces inconsistent
results, and exposes workers to hazardous conditions
including noise, vibration, and metal dust [2].

Robotic grinding systems have been increasingly adopted
to address these issues [3]. However, conventional robotic
grinding typically relies on teach-pendant programming,
which fundamentally lacks the flexibility to accommodate
variations in weld bead geometry, position, and height that
naturally occur in production environments [4]. Each new
workpiece configuration requires re-teaching, making the
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approach  impractical ~ for low-volume

manufacturing scenarios.

high-mix,

Recent advances in computer vision and deep learning
have enabled vision-guided robotic systems that can
autonomously adapt to workpiece variations [5]. The U-Net
architecture [6], with its encoder-decoder structure and skip
connections, is well suited for pixel-level weld bead
segmentation. Combined with hand-eye calibration [7], such
systems can automatically generate grinding paths tailored to
each workpiece. Furthermore, digital twin technology [8]
allows virtual commissioning of planned trajectories before
physical execution, while the CHOMP algorithm [9] generates
smooth, collision-free trajectories through continuous
optimization.

This paper presents an integrated vision-guided robotic
grinding system that combines: (1) a ResNet34-backbone
U-Net with ImageNet transfer learning for weld bead
segmentation, (2) coordinate transformation and grinding path
generation through hand-eye calibration and forward
kinematics, (3) CHOMP-based trajectory planning within
Movelt, and (4) digital twin verification using NVIDIA Isaac
Sim 5.0 with ROS integration for pre-deployment validation.

II. SYSTEM ARCHITECTURE

The hardware platform consists of a Staubli RX160
6-DOF industrial manipulator and an Intel RealSense D415
RGB-D camera mounted on the end-effector in an eye-in-hand
configuration. An NVIDIA RTX 5070 GPU is used for deep
learning inference and simulation rendering.

The software architecture is based on a distributed ROS
topology. Robot control and trajectory execution operate
under ROS 1 Noetic using Movelt and the staubli_val3_driver.
Vision processing runs inside a Docker container (Ubuntu
22.04, ROS 2 Humble, Python 3.10) to satisfy PyTorch
Nightly CUDA 12.8 wheel requirements for the RTX 5070
GPU. Simulation is handled through ROS 2 Jazzy on the host
system (Ubuntu 24.04). A bidirectional ROS 1-ROS 2 bridge
enables communication between the heterogeneous
middleware layers.

The processing pipeline operates as follows: the RGB-D
camera captures workpiece surface images; the vision module
segments weld bead regions using the trained U-Net model;
the segmented bead coordinates undergo a three-stage
coordinate  transformation—  camera  intrinsic-based
deprojection,  hand-eye  calibration, and  forward
kinematics—to produce 3D positions in the robot base frame.
Approximately 30 grinding waypoints are generated along the
bead centerline with appropriate tool orientations. These
waypoints are processed by the CHOMP planner within
Movelt to produce smooth, collision-free trajectories. Before
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Figure 1.  Schematic Diagram for Vision-Based Robotic Grinding

Path Generation and Verification System
physical execution, all planned motions are validated in the
NVIDIA Isaac Sim 5.0 digital twin environment.

III. WELD BEAD SEGMENTATION

A U-Net segmentation model [6] is employed for
pixel-wise classification of weld bead regions from RGB
images. The encoder uses a ResNet34 [10] backbone with four
residual block groups (64, 128, 256, 512 channels), initialized
with ImageNet pre-trained weights for effective transfer
learning. The decoder follows the standard U-Net design with
four upsampling stages, skip connections, and a final 1x1
convolution with sigmoid activation to produce a binary
segmentation mask.

The training dataset comprises 197 RGB images of welded
metal plates captured at distances of 100-300 mm, split into
70% training, 15% validation, and 15% testing at 1024x1024

resolution. Data augmentation (horizontal flipping,
shift-scale-rotate, brightness-contrast adjustment, Gaussian
noise, motion blur) and a  composite loss

(BCEWithLogitsLoss + Dice loss) were applied. The model
was trained for 50 epochs with batch size 6 using Adam (Ir =
le—4) with a plateau-based scheduler. On the test set, the
model achieved a mean IoU of 0.9311 and Dice coefficient of
0.9641, with 29 ms inference time on the RTX 5070 GPU.

IV. PATH GENERATION AND DIGITAL TWIN VERIFICATION

To convert the segmented bead coordinates from the 2D
image plane to the 3D robot workspace, a multi-stage
coordinate transformation pipeline is employed. This involves
three sequential steps: (1) image-to-camera frame
transformation using the camera intrinsic matrix, (2)
camera-to-end-effector transformation through hand-eye
calibration, and (3) end-effector-to-base frame transformation
via forward kinematics of the Staubli RX160.

Once the bead contour points are expressed in the robot
base frame, the bead centerline is extracted from the binary
mask using morphological skeletonization. Approximately 30
waypoints are sampled at uniform intervals along the skeleton,
each encoding position (x, y, z) and tool orientation aligned
with the surface normal. Inverse kinematics is computed for

each waypoint, and the CHOMP algorithm [9] generates
smooth, collision-free trajectories by minimizing a cost
functional that balances trajectory smoothness with obstacle
avoidance through functional gradient descent.

Before physical execution, the planned grinding
trajectories are verified in a digital twin environment built on
NVIDIA Isaac Sim 5.0, which replicates the physical robot
cell with accurate geometric and kinematic models imported
via URDF. The trajectory commands from the CHOMP
planner in Movelt are bridged from ROS 1 to ROS 2 and
executed on the virtual robot, enabling collision detection,
joint limit verification, and path coverage inspection. The
simulation confirmed that the planned trajectories could be
executed without collisions or joint limit violations, reducing
commissioning time and risk before physical deployment.

V. CONCLUSION

This paper presented a vision-guided robotic grinding
system that integrates deep learning-based weld bead
segmentation, automated grinding path  generation,
CHOMP-based trajectory planning, and digital twin-based
verification. The ResNet34-backbone U-Net segmentation
model achieved a mean IoU of 0.9311 and Dice coefficient of
0.9641, demonstrating reliable weld bead detection under
varying conditions. The coordinate transformation pipeline
through hand-eye calibration and forward kinematics enables
automatic generation of grinding waypoints along the bead
centerline without manual intervention. The digital twin
environment in Isaac Sim provides safe trajectory verification
before physical deployment, confirming collision-free
execution and joint limit compliance. Future work will focus
on closed-loop force control for adaptive grinding and
extension to complex multi-pass weld bead geometries.
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