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Abstract— Robotic sole deburring is a key, yet underexplored,
challenge in footwear automation, where the deformable nature
of rubber, variability of burrs, and diversity of sole geometries
make automation difficult. Existing deburring approaches typ-
ically rely on CAD models or large training datasets, and often
lack the ability to adapt online during execution. This paper
presents a CAD-free, vision-guided framework for robotic
deburring of shoe soles that integrates: (i) defect detection using
the Segment Anything Model 2 without sole-specific training;
(ii) motion planning for burr removal; and (iii) motion execution
combining Forward Dynamics Compliance Control with online
vision-based path tracking. The framework was validated on a
URSe robot equipped with a custom vacuum gripper. Results
demonstrate a 95% success rate across soles of varying sizes,
colors, and shapes. By eliminating CAD dependence, ensuring
robust online correction, and maintaining compatibility with
existing industrial deburring machines, this work provides a
scalable step toward robotic finishing solutions in footwear
manufacturing.

I. INTRODUCTION

Recent advances in industrial automation have been driven
by robotic systems capable of performing structured tasks
with high precision and repeatability, with the global stock
of industrial robots reaching 4.2 million units [1]. While
manufacturing is moving from mass production to adap-
tive and intelligent systems that support small batches and
product variants, complex finishing tasks like deburring (the
removal of excess material from manufactured components)
still require human dexterity. In shoe sole production, burrs
frequently arise during outsole injection molding, with their
removal typically performed by skilled operators relying on
visual inspection and manual expertise (Fig. 1a.). Footwear
factories must offer the flexibility to adapt to various designs,
sizes, and volumes while keeping production fast. Although
manual deburring adapts well to variations in burrs, it is
time-consuming, inefficient in its use of human resources,
repetitive, and offers low added value. The emergence of
more intelligent robots allows to bridge the gap between
human flexibility skills and high-volume production. In this,
the integration of new-generation Al plays a pivotal role [2].
Future smart factories will heavily rely on automation, where
robots replace manual tasks and information technologies
ensure systematic, efficient, and responsive operations.

This paper elaborates on this transition, aiming to address
the key challenges related to an automated robotic pipeline
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Fig. 1: a. Manual deburring of a shoe sole.
b. Proposed robotic solution for shoe sole deburring.

for sole deburring. Rubber’s elasticity and deformation under
pressure make automating deburring of soles challenging.
The wide range of sole designs, sizes, and varying burr
shapes further complicates standardization, requiring precise
yet flexible systems that can adapt to different configurations.
This paper addresses these challenges by presenting a CAD-
free, vision-guided framework for robotic deburring of shoe
soles. Unlike previous works that rely on CAD templates
[3], extensive sole-specific training datasets [4], or purely
offline planning [5], our system integrates defect detection,
trajectory generation, and online compliant execution into a
single pipeline. The main contributions of this paper are:

- CAD-free defect detection: A segmentation pipeline, elim-
inating the need for CAD templates or training data.

- Hybrid control with online correction: Integration of po-
sition/admittance control with vision-based algorithms for
online trajectory correction on deformable workpieces.

- Industrial relevance and validation: Validation on a URSe
robot with a custom vacuum gripper, achieving a 95%
success rate across multiple sole types, compatible with
existing industrial deburring machines.
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Fig. 2: Selection scheme for indirect force control ap-
proaches, re-elaborated from [10].

II. BACKGROUND KNOWLEDGE
A. Automation in footwear industry

The footwear sector has been slow to adopt automation,
with most processes still performed manually. Recent work
explored robotic roughing [6], polishing [7], and robotic
grasping of soles [8]. Robotic deburring of shoe soles re-
mained largely unexplored, with [4] and [9] being the only
dedicated studies. [4] addressed defect detection and path
planning using vision-based burr identification combined
with Learning from Demonstrations. That work was however
limited to offline path planning and did not incorporate online
robot control. In this work, we introduce a complete frame-
work that spans the entire process, from defect detection to
path planning and robot control considering integration with
industrial trimming machines. Two strategies are common
in manual sole deburring: a. moving the tool against a fixed
workpiece, or b. moving the workpiece against a fixed tool
[11]. The choice between these setups depends on factors
such as the size and geometry of the workpiece, the available
deburring tools, the material properties of the workpiece,
and the availability of a gripper capable of handling various
objects. We developed a solution for the fixed-deburring tool
configuration (b.), which involves workers using stationary
machines (Fig. 15.). By replacing manual handling with
robotic manipulation of the soles, our system allows for the
use of existing industrial deburring machines.

B. Defect detection and motion planning

Robotic deburring involves three key stages: burr detec-
tion, motion planning and motion execution [12].

Burr detection methods depend on the application, work-
piece, and burr properties, and are generally classified as
contact (using touch sensors for hard-to-see burrs) or non-
contact (used when burrs are visible) [13]. Contact-based

detection is impractical for rubber soles, while laser or ther-
mal sensing [14] is costly, not suitable for rubber, and suffers
from interference and diffraction. In contrast, vision systems
provide an effective approach. CAD-based reconstruction
[3] and contour matching [4] have been explored, but both
require either CAD models or sole type-specific training. Our
approach eliminates these dependencies, ensuring robustness
across varied sole designs.

Regarding path planning for robotic deburring, there are
three primary approaches: (a) CAD/CAM-based methods
[12], (b) sensor or vision-based methods [15, 16] and (c)
Learning from Demonstration approaches [4]. Our method
plans the deburring path using vision-based defect detection
results, eliminating the need for CAD models or human
demonstrations. However, during execution, possible devia-
tions are adaptively corrected by online path adjustment and
admittance control.

C. Motion execution

Two key components of robotic deburring execution are
force control and online path tracking and correction [12].
Force control can be passive or active. Passive control uses
inherently compliant tools, but it offers limited flexibility
and precision [17], while active control employs sensors
and software to adjust a system’s dynamic behavior and is
typically classified as either indirect force control (admit-
tance/impedance) or direct force control (hybrid or paral-
lel force/position). Selecting a control strategy depends on
factors such as force/torque sensing availability, impedance
requirements, and environment modeling (Fig. 2). In shoe
sole deburring, precise modeling is infeasible, making hy-
brid force/position control unsuitable. Impedance control
can model Cartesian behavior, but its application is limited
because most industrial robots are position-controlled and
lack direct torque interfaces [18]. Admittance control is
therefore preferred, exploiting internal position loops and
available force feedback.

Forward Dynamics Compliance Control (FDCC) [18, 19]
extends this approach by simulating robot dynamics; how-
ever, the limited stiffness of manipulators reduces machining
precision, requiring online path tracking and correction [12].
To address this limitation, and in contrast to prior laser- or
CAD-based approaches [5, 20], we developed an RGB-D
vision module that monitors task state and adapts trajectories
during task execution.

Fig. 3: Complete pipeline of our system: Defect detection, motion planning and motion execution phases.
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Fig. 4: SAM2-based defect detection in simulation (a.) and
reality (b.).
III. PROPOSED APPROACH

As anticipated, our system (Fig. 3) solves three challenges:
1. Defect Detection: with image processing and deep learn-
ing, the burrs are identified on the soles.
2. Path Planning: based on the detected burrs and the geom-
etry of the sole, the robot Cartesian trajectory is determined
for the removal of the burrs.
3. Motion Execution: robotic deburring is performed with
admittance control and vision-based path correction.

A. Defect Detection

This stage must determine the burrs’ positions regardless
of the sole type, color and size, as well as under different
lighting conditions or sole placements within the workspace.
Assuming that, in an industrial setting, soles with burrs
arrive in a known pose relative to the robot’s base frame,
the workflow begins at time instant #;, when the robot
moves its end effector to a predefined image-capture position
above the sole. The proposed approach removes the need
for type-specific training while retaining high segmentation
accuracy across varied sole configurations. We employed
the Segment Anything Model 2 (SAM2) [21], developed
by Meta Al, to segment both the nominal sole contour and
the burr-affected contour. The process starts with converting

the RGB image captured by the robot’s end-effector camera
(hereafter referred to as camera;) into the CIELAB color
space, followed by contrast enhancement using Contrast-
Limited Adaptive Histogram Equalization (CLAHE). Then a
dual segmentation step is applied to extract both the external
contour of the sole (including the burrs) and the internal
contour representing the nominal sole profile (Fig. 4). Since
SAM?2 can generate multiple masks for the same object, and
the scene contains only the sole placed on the supporting
plane, the model predicts both the burr-inclusive sole mask
(largest non-background region) and the burr-free mask. The
latter is generally well defined under suitable lighting, since
in injection molding burrs arise mainly along the lateral
edges of the mold, leaving the nominal profile visible. To
guarantee correct contour selection, we compute the Dice
similarity coefficient [22] between the burr-inclusive sole
and each candidate mask, thus excluding unrelated regions.
Once both contours have been finalized and stored as binary
masks (obtaining Apy, and A, purr), the burr regions (Ap)
are extracted through a pixel-wise XOR operation (1):

Ah = Apurr ® Arm,hurr (1)

B. Path Planning

Once burrs are detected, the path-planning phase begins
(Fig. 5). The cutting trajectory in pixel space is derived
by intersecting the burr mask A, with the nominal sole
mask A, pur- This operation produces N, binary masks
A;j (j = 1...Np) each representing the cutting trajectory to
remove an individual burr in pixel space. If N, > 1, the burrs
are treated sequentially. For a given burr (j = j), its binary
contour A is transformed into an ordered set of trajectory
points using the Coordinates Alignment for Mapping Image
Lines (CAMIL) method [9]. This yields N, deburring points
O;X = {(u;,vi) ?/:”1 which define the cutting path in pixel
coordinates. These points are then used as control points
to interpolate a quadratic Non-Uniform Rational B-Spline
(NURBS) curve with unit weights. The path points are
then projected into the camera; reference frame obtaining

Fig. 5: a. Path planning: CAMIL algorithm converts pixels of A; into an ordered set pS°™. A NURBS is fitted and local
burr frames are defined. b. Robot and camera; configuration at t =¢; (RBG image capture) and ¢t =1, (sole grasping).
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Fig. 6: Constraint imposition to compute the rooly motions
for burr removal.

Pl = {(xf,yf,zf)}f»\l’l through the use of camera intrinsics
and the known vertical offset z. between the sole and the
camera. This step assumes burrs are approximately planar on
the sole’s surface. This approximation, though not universal,
holds in most soles manufacturing cases. Finally, the points
are reordered into p“° to enforce a clockwise cutting
direction when viewed from above the sole. For each point
in p©°™ a local reference frame [t,n,7] is defined, where ¢ is
the tangent to the NURBS curve, n is the normal unit vector
pointing away from the sole’s center, and z is constrained
to be orthogonal to the sole’s support plane (Fig. 5a.). The
N, frames associated with the 7" burr are represented as
transformations from the camera frame. At ¢t = 1,, the robot

grasps the sole (Fig. 5b.). The burr frames are now expressed
burr
relative to the robot flange tooly, {T,, ()lojtz}izl---Np’ which

allows computing the robot motions required to remove the
burr. Indeed, the resulting end-effector poses must satisfy the
application constraint represented in Fig. 6:

tooly _ 4C C 1 burr: 1
{Tbase - Thase ' (Tburr‘/ﬁ) : (T;OOZO{IZ) }i:l...Np 2)
At this stage, {T,ijo},-zluwp represents the offline-computed
reference trajectory of the robot flange, denoted xffﬂ‘“e.

During execution, the reference poses are continuously

validated and corrected online (Section III-C) prior to serving
as the robot’s motion commands.

C. Motion Execution

For this task, motion execution relies on the integration
of force signals from dedicated sensors with online vision
feedback. This multimodal strategy parallels the way humans
perform deburring, combining visual perception for precise
trajectory alignment with compliant interaction against the
fixed deburring tool. By fusing these modalities, the sys-
tem enables adaptive robot behavior. Our controller builds
upon FDCC [18, 19]. FDCC imposes Cartesian compliance
on position-controlled manipulators without requiring joint
torque interfaces, by simulating the dynamic response of a
virtual manipulator model to generate joint commands from
desired motion and external force measurements. To extend
this framework, we integrated an online vision module using
an RGB-D camera (referred to as camera;), complement-
ing the flange-mounted camera;. Camera, is fixed in the
environment and oriented toward the cutting point, with
a field of view covering both the deburring tool contact
region and the approach trajectory of the sole (Fig. 7b.).
This configuration enables online adaptation of the motion
reference through continuous vision-driven updates of the
robot’s target pose, compensating for defect-detection or
path-planning inaccuracies and adapting to workpiece defor-
mations during execution. The precomputed offline reference
trajectory ngﬂi“c is continuously validated during motion,
and the updated reference, x3""°, is streamed to the FDCC
controller (Fig. 7a.).

The proposed framework comprises two interacting mod-

ules: the Path Corrector and the Motion Executor (Fig. 8).
This modular architecture decouples vision-based perception
and path adjustment (Path Corrector) from time-critical robot
control (Motion Executor):
- The Path Corrector processes live RGB-D data to output
a stream of validated or corrected reference path segments.
- The Motion Executor stores these segments and commands
the low-level robot controller. It monitors the end-effector
pose to verify task execution.

Fig. 7: a. Forward Dynamics Compliance Control + vision-based path correction. b. Camera, in simulation and reality.
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Fig. 8: The two core units of the framework (Path Corrector
and Motion Executor) and the exchanged information.

Path correction is carried out in a zone-by-zone manner,
dividing the overall trajectory into smaller segments for
localized validation and correction. Before correction begins,
the Motion Executor moves the robot to a predefined ap-
proach pose, a safe non-contact configuration that positions
the workpiece within camera;’s field of view. Once the
robot is at the approach pose, the system partitions the
camera’s field of view % C R? into four vertical zones
Z ={ZLafe, 21,25, 25} (Fig. 9). They are defined as:

{(xay)e‘@|0§x<bS}a k=safe
{(x,y) e Z |bs<x<bi}, k=1

% = 3)
{(y) € 2 b1 <x<b}, k=2
{(x,y) e Z by <x<w}, k=3

where by, by, by are vertical boundaries and w is the image
width. Each zone has a distinct role: Z,s. contains only
pre-validated trajectory segments that are being passed to the
robot controller; 2 triggers the vision-based path correction
mechanism when the offline-planned trajectory first enters;
%5 applies corrections as new portions of the offline trajec-
tory enter and 23 passively monitors the upcoming trajectory
segment to be corrected. Path correction is triggered when
the robot reaches the approach pose and the first offline-
computed trajectory point (i = 0) enters Z] (Fig. 9). At
this stage, the initial corrected segment Sy is generated.
Subsequently, each new segment S;;| is produced by the
Path Corrector (if necessary) once the end point the previous
segment crosses the boundary b;. Within 25, path correction
proceeds in three stages: Sobel-based contour detection,
segment validation, and fallback planning. The outcome of
these stages is a corrected path conforming to the burr profile
as captured by camera,, initially represented in pixel space.
This path is mapped into the rooly reference frame via
the projection IT : IR2 — wal Substituting the resulting
transformation into (2) yields the required robot motions to
follow the corrected burr contour. In parallel, the Motion
Executor maintains a buffer of sequential poses from the
corrected trajectory segments sent by the Path Corrector and
coordinates with the robot’s position controller to ensure each
commanded pose is reached before advancing, guaranteeing

smooth execution.

The three constituent elements of the path-correction
mechanism operating within 2 are delineated and discussed
separately below.

1) Sobel-based contour detection: For each segment of
the offline-computed deburring path lying within 25, the
algorithm first fits a smooth spline through the projected
trajectory pixels (cyan curve in Fig. 10a.). This spline is
then divided into localized Regions of Interest (ROIs). Within
each ROI, the image is converted to black and white (Fig. 10
b.), contrast is enhanced, and Sobel edge detection is applied
(Fig. 10 c.). The contour closest to the sole’s center is then
selected (green in Fig. 10d.). For each image column the
pixel nearest to the sole body belonging to the green contour
is extracted, and these pixels collectively define the corrected
trajectory, yielding the refined deburring path in image space.

2) Segment Validation: BEach newly generated segment
(with n points) is then validated in 2D with a Multi-
Criteria Geometric Validation Filter (Fig. 11), which applies
a length and a directional check. The effective segment
length, defined as the sum of the Euclidean distances between
consecutive points along the segment, according to 4,

n—1
Lest =Y [[piv1 —pill2 “4)

i=1
must satisfy the inequality Lgirect < Leff < A7 Dman.
Lgirect denotes the Euclidean distance between the first and
last points of the segment (Lgirect = ||Pn — P1]]2) and Dman
denotes the Manhattan distance between the same points
(Dman = [Xpn —Yp1|+ [ypn — yp1]). This inequality filters out
segments that are either too short or fragmented, and it also
detects paths that are excessively tortuous or contain loops.
Smoothness and directional regularity of the path is instead
assessed using the Mean Resultant Length (5):

\/ 20086 (Vf sin5,->2 (5)
i=1

where §; is the angular deviation of the tangents e; in
every trajectory point from the global direction expressed
as Vglobal = Pn — P1- A segment is accepted only if both

Fig. 9: RGB image from camera, (the sole in red, the
background in gray, and the deburring tool in black). Left:
Entry of the first point of the trajectory (orange) inside 29
triggers the generation of the first corrected segment (green).
Right: When the current segment endpoint reaches the left
boundary of 25, the next corrected segment is generated
(green).
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Fig. 10: Sobel-based contour detection.

conditions hold: Lgirect < Leff < A7Dman and R > Ruin. Rmin
and Ay are two hyperparameters to be tuned. With this filter,
when trajectory segments exhibit geometric irregularities
such as jagged edges, discontinuities, or sharp turns, they
are rejected and recomputed using the fallback planner.

3) Fallback Planning: The Adaptive A* Fallback Planner
(Fig. 12) is activated when a trajectory segment generated
is rejected by the Multi-Criteria Validation Filter previously
described. Its role is to compute an optimal replacement
path between the start and end points of the invalid segment
within a discrete search space, subject to multiple weighted
constraints. The planner extends the classical A* algorithm
[23] by incorporating domain-specific penalties into the cost
function, thereby ensuring consistency with the workpiece
geometry. The planner operates on a 2D discrete grid corre-
sponding to the image plane and takes as input two sets of
pixels: the Ideal Path Set (Zgeqr = {ni}i—o..m), representing
the original but rejected trajectory segment, and the Contour
Set (Zontour), representing the detected workpiece boundary
as extracted by Sobel edge detection. As a preprocessing
step, both sets are dilated, introducing a tolerance margin that
reduces sensitivity to pixel-level discontinuities. The planner
then seeks an optimal path (in pixel space) from a start node
ny € Pigea to a goal node ny € Ly, minimizing a task-
specific cost function. For each new node n; in the path from
ng to np, the cost is defined as per 6,

f/(ni) = g(”li) + h(n,) + Peontour + Pideal + Psmooth (6)

where g(n;) is the cumulative path cost, and h(n;) = ||nm —
ni||2 is the Euclidean heuristic. Additionally, three penalty
terms enforce task-specific constraints (7).

Peontour = Weontour * H(ni ¢ P comour)
Peal = Wideal " 1(ni & Pidear) @)
Psmooth = Kcurvature . |92 - 91 |acurvature
Peontour restricts deviations from the previously identified
contour, Pg4e. discourages excessive divergence from the

original discarded segment, and Pyyoom penalizes sharp tuns
to promote smooth trajectories. Weontours Wideal ad Keurvature

Fig. 11: Multi-Criteria Geometric Validation Filter.

Fig. 12: Adaptive A* Fallback Planner.

are tunable weighting factors while Ocyrvature > 1 1S an expo-
nent to more heavily penalize high-curvature sections. The
angles 6; and 6, are defined at the two most recent nodes,
each quantifying the directional change between consecutive
segments determined by the last three nodes.

IV. EXPERIMENTAL VALIDATION

The proposed framework was validated first with the
Gazebo simulator and then with a real robotic platform,
using ROS2 for implementation. The experimental setup
(Fig. 13a) consisted of a Universal Robots URSe equipped
with a custom dual-suction vacuum gripper and two cameras:
an Intel RealSense D435i (camera,, end-effector mounted)
for defect detection and an OAK-D Pro (camera,, fixed, cap-
turing the cutting point) for online correction. Shoe soles of
varying sizes, shapes, colors, and rubber hardness (measured
in Shore A) were tested to evaluate robustness. A custom
tool was designed to replicate the geometry and vibrations
of industrial trimming machines. For safety regulations in

Fig. 13: Experimental setup.
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the laboratory, no actual cutting was performed; instead,
the path following accuracy was assessed defining a contact
point on the deburring tool as the cutting point. Since the
cutting blade was not mounted on the tool, execution was
carried out without the use of force signals. Instead, the
robot operated under Cartesian position control, sufficient
to validate that corrected paths remained aligned with the
burr geometry. The vision-based path correction controller,
however, is designed for direct integration into an admittance
control loop, enabling the combined use of force and visual
feedback in real cutting.

A. Experimental Setup

1) Custom vacuum gripper design: A custom vacuum
gripper was developed to ensure reliable manipulation of
rubber soles, where suction cups were selected for their
ability to adapt to irregular and compliant surfaces. The
required gripping forces were derived following [24, 25],
using the dynamic specifications of the UR5e robot. With
a maximum angular velocity of 180/s and a reach of 0.85
m, the end-effector trajectory was modeled as a half-circular
path of length L = 0.857 = 2.670 m. Assuming uniform
circular motion, the end-effector acceleration was computed:

2 2

Vi — v
_f i 2
e 1.335m/s (8)

for vy =2.670 m/s and v; = 0 m/s. The theoretical horizontal
and vertical gripping forces were then obtained as:

Fiw _ 670N (9)

Fypp=m(g+a)s =10.03N, Fyj =" =

where m is the mass of the sole, g the gravitational constant,
U = 0.6 the friction coefficient, and s = 3 is the safety
factor. Following the force analysis, two Piab Kenos® KMG
suction cups (70 mm diameter, foam interface) were selected,
providing a suction force above the required threshold. A
custom end effector was then designed and 3D-printed to
integrate the cups with a Piab VGS4005 vacuum generator.
The final prototype (Fig. 13b.) features two aligned suction
cups at a fixed spacing, enabling robust manipulation of soles
with varying size and geometry.

2) Custom deburring tool design: A custom deburring
tool was developed to reproduce the industrial trimming pro-
cess in a laboratory setting, emulating the manual machines
in [26]. Industrial trimmers typically comprise an adjustable
support, a supporting wheel, and a reciprocating blade
operating at ~ 5,000 cycles/min. The prototype (Fig.13c.)
replicated the support and wheel via 3D printing, while
the cutting mechanism was simulated with a reciprocating
air saw (Clarke Air CAT32B 3110426) operating up to
10,000 strokes/min, thus matching industrial performance.
In compliance with laboratory safety regulations, the blade
was excluded, and only the saw was employed to replicate
the characteristic vibrations.

B. Testing results
We compared two experimental conditions to highlight the
contribution of the proposed online vision-based correction:

Fig. 14: Snapshots with (b) and without (a) online correction,
deburring from the heel (left) to the toe (right); without
correction, the cutting point enters the sole body.

a. Offline Baseline: The robot executed the trajectory com-
puted offline after the defect detection and path planning
stage (Sec. III-B). No online correction was applied, meaning
deviations from x4-°/f!in¢ were not compensated;

b. Online Correction (Proposed framework): The robot ex-
ecuted a continuously validated and corrected path x4-°"/ine,
activating the vision-based correction module (Sec III-C).
This allowed the system to adapt online to inaccuracies in
segmentation, path planning, or deformations of the sole.

Performance was assessed according to three criteria:

1. Path accuracy: Mean Absolute Error (MAE) and Root
Mean Square Error (RMSE) between executed robot trajec-
tories and manually annotated ground-truth contours on high-
resolution images of the grasped soles.

2. Task success rate: The percentage of trials in which the
tool path remained aligned with the burr contour without
entering the sole body.

3. Computational feasibility: Average execution time of the
main modules to ensure real-time operation.

Each scenario was tested over N = 10 trials with 4
different soles. Results are shown in Table I. Offline-only
execution suffered from large errors (MAE 22.6 px, RMSE
27.8 px) and low success (25%), as deviations quickly
caused tool penetration into the sole. By contrast, the Online
Correction approach reduced both error metrics by more
than 80% (MAE = 4.0 px, RMSE = 4.6 px). Importantly,
the success rate rose to 95%, demonstrating that the online
correction mechanism effectively prevented tool intrusion
into the sole and maintained alignment with the burr contour.
These improvements are visually illustrated in Fig. 14, where
the offline-only trajectory drifts into the sole body, while
the online-corrected trajectory consistently follows the burr
edge. Robustness was confirmed across different lighting
conditions and soles types (in terms of pattern, hardness
and color). The SAM2-based segmentation module extracted
contours reliably without retraining, confirming the CAD-
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TABLE I: Quantitative Comparison of Offline baseline and Online
Correction Approaches (N = 20 trials).

Method MAE [pixels] RMSE [pixels] Success Rate
Offline Baseline 22.6 +3.0 27.8 £29 25%
Online Correction 4.0 = 1.0 4.6 £ 1.2 95%

TABLE II: Average Execution Time of Framework Components.
Stage
Offline

Component

SAM-2-based defect detection
and motion planning.
Multi-Criteria Validation Filter

Adaptive A* Fallback Planner
(when invoked)

Avg Time [ms]
43400 + 6800

126 £29
193.2 + 26.7

Online (Per Segment)

free and dataset-independent nature of the framework. From
a computational standpoint (Table II), the online correction
modules operated well within real-time constraints. The
Multi-Criteria Validation Filter required on average only 12
ms per trajectory segment, while the Adaptive A* fallback
planner, when invoked, averaged 193 ms—still faster than the
physical robot motion. Since the OAK-D Pro operated at 60
Hz, while the path-correction modules processed trajectory
segments at an average rate of approximately 80 Hz (12 ms
per segment) with the Adaptive A fallback planner running
at about 5 Hz when invoked. The corrected trajectory was
then streamed to the URSe through its external position-
control interface running at 125 Hz, with the robot’s internal
joint-servo loop operating at approximately 500 Hz. This
frequency coordination ensured that perception, correction,
and execution remained synchronized and within real-time
constraints. Defect detection and path planning timings are
reported for completeness; while reasonable, they should be
assessed against human cycle times within the orchestration
of tasks in a real industrial setting. These experiments
demonstrate that the proposed system offers a solution for
robotic sole deburring, a task currently carried out by human
operators. The substantial improvements in accuracy and
success rate confirm that online correction is foundamental to
handle the uncertainties inherent in flexible sole processing.

V. CONCLUSION

This work introduced a comprehensive CAD-free frame-
work for robotic deburring of flexible shoe soles, integrating
defect detection, path planning, and compliant motion ex-
ecution with online vision feedback. Through experiments
on multiple sole variations, the system achieved a 95%
success rate, validating its robustness against shape and burr
variability. Unlike prior approaches, the framework avoids
reliance on CAD templates or human demonstrations and
can be directly integrated with existing industrial trimming
machines, lowering deployment barriers. Future work will
extend validation to real cutting operations with integrated
force signals, enabling full admittance control. Additionally,
we plan to benchmark cycle times against skilled human
operators and evaluate scalability in real factory workflows.
These efforts aim to establish robotic deburring as a practical
alternative to manual finishing.
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