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Abstract

During abrasive flap wheel grinding, flaps may fail and tear prematurely. Such flap tears increase local tool flexibility and
can impair the uniformity of material removal in automated grinding processes. To ensure process reliability, this paper
proposes a novel computer vision approach for the automated detection and quantification of flap tears using deep learning.
The processing pipeline is based on images showing the radial tool structure, followed by a geometric normalization that
transforms the flap arrangement into a linear coordinate system. A YOLOvS8-based object detection model is employed to
localize abrasive flaps. To overcome class imbalances, a hybrid approach is implemented where the neural network performs
a robust one-class detection, while the final distinction between intact flaps and stubs is achieved through deterministic,
scale-invariant post-processing filters. The system was validated on a dataset including various tool diameters, grit sizes, and
wear conditions. For tools within the trained distribution, the system achieved 96.5% classification accuracy and a Mean
Absolute Error of 0.14 and 0.12 for flap and stub counts. However, performance is limited when encountering significant
geometric domain shifts, such as larger tool diameters. The results demonstrate that the combination of deep learning and
geometric heuristics provides a robust basis for automated flap tear detection in industrial flap wheel grinding applications.

Keywords Abrasive flap wheel - Flap tear - Deep learning - Object detection

1 Introduction

Abrasive flap wheels are widely used for repair tasks or finish-
ing of complex workpieces due to their high compliance [1, 2].
However, this compliance comes at the cost of high mechanical
stress on the individual flaps, making tool wear a critical fac-
tor for process stability. In addition to grit wear and geomet-
ric change of the flap profile due to flap load, flaps may tear
and detach prematurely. Ongoing investigations indicate that
flap tears increase vibrations and localized loss of tool stiffness
due to missing mutual support between flaps. While single flap
tears have no significant effect on material removal and unifor-
mity, this effect is intensified if adjacent flaps tear (tear cluster).
Depending on the tool size, replacement is advisable once a crit-
ical number and spatial distribution of flap tears has occurred.
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To automate this decision-making process, an inspec-
tion system must be developed to detect and localize miss-
ing flaps or their remains on the flap wheel. Knowledge
regarding the number and spatial distribution of these torn
flaps, as well as their expected effects on the grinding result,
then form the basis for deciding whether to continue using
or replace the tool. However, the flap wheel structure and
its properties pose challenges for classical image process-
ing techniques due to stochastic variations in its visual
appearance.

To overcome these limitations, this paper proposes a
novel flap tear detection method utilizing a hybrid deep
learning-based object detection approach. By combining
a domain-specific image preprocessing with an Oriented
Bounding Box (OBB) algorithm and a physics-informed fil-
ter logic, the proposed system robustly identifies and local-
izes flap tears.

The remainder of this paper is structured as follows: Sec-
tion 2 introduces abrasive flap wheels and discusses the cur-
rent state of research regarding tool wear and tool condition
monitoring. In Section 3, the detection system for flap tears
is conceptualized and the processing pipeline is introduced.
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Section 4 describes development and implementation,
including generation of training data and post processing of
the detections. In Section 5, the detection pipeline is evalu-
ated, while Sections 6 and 7 summarize the results and pro-
vide an outlook on future research.

2 State of the art
2.1 Flap wheel wear

Abrasive flap wheels, as depicted in Fig. 1, consist of radi-
ally mounted abrasive flaps on a core, fixed on a metal shaft.
The flaps consist of a substrate (usually textile fabric) to
which the abrasive grains are adhered using a binder. This
structure corresponds to coated abrasives, giving the flap
wheel its flexibility and shape adaptability [1, 3], but also
unique wear mechanisms.

These wear patterns can be divided into microscopic
wear of the abrasive grit as well as into macroscopic wear of
the tool geometry. Grit wear has been investigated by Yang
et al. [4], who identified three wear stages with different
proportions of wear mechanisms (blunt, stepped fracture,
cleavage fracture, pullout and adhesive wear). Regarding the
geometric wear, Tonshoff et al. [5] investigated unmounted
flap wheels during outer circumferential grinding and exam-
ined the flap length degradation, which leads to changing
technological parameters, i.e. the effective cutting velocity
and workpiece overlap decrease with decreasing diameter.
In order to compensate the wear, an increased rotation speed
is proposed. In contrast to even flap length degradation,
uneven flap wear resulting from curved workpiece geom-
etries affects the removal uniformity and could be compen-
sated by adjusting the tool path [6]. Regarding flap tears,

Fig. 1 Abrasive flap wheels with torn flaps
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Rahman et al. [7] investigated the mutual flap support using
high speed imaging and noticed a sharp flap bend near the
flap fixture during high engagement. The authors suspect
that this cyclic bending and straightening can lead to prema-
ture flap failure. However, the precise causes, sequence and
effects of flap failures were not studied.

2.2 Grinding tool wear monitoring and inspection

In grinding processes, traditional indirect tool condition
monitoring heavily relies on process signals, such as cut-
ting forces, acoustic emission, or spindle current, to infer
process stability or tool wear [8-10]. While these indi-
rect methods allow for continuous in-process monitoring,
their signals are often ambiguous and highly susceptible to
process noise, kinematics, and material variations. Conse-
quently, indirect monitoring struggles to isolate exact geo-
metric wear states or localized anomalies without a reliable,
pre-established ground truth.

To overcome these inherent limitations, direct optical
inspection has become increasingly critical. Unlike indi-
rect signals that merely infer tool conditions, direct meth-
ods explicitly quantify the condition of the abrasive tool.
This direct assessment provides an absolute reference that is
essential for evaluating wear.

Driven by this need for objective wear quantification,
automated direct inspection has been successfully estab-
lished for a variety of conventional abrasive tools. For rigid
grinding wheels, camera-based machine vision systems are
frequently used to measure macroscopic 2D profile loss [11].
More advanced approaches utilize high-resolution imaging
combined with machine learning to classify surface loading
and localized grit wear directly on the wheel’s topography.
Similarly, automated optical inspection systems have been
developed for abrasive belts to detect continuous grain wear
and widespread degradation [12—14]. A shared character-
istic of these conventional tools is a continuous, relatively
predictable abrasive surface that allows for straightforward
linear or rotational scanning.

When evaluating localized, discrete tool features, direct
optical inspection has also seen significant advancements in
the domain of geometrically defined cutting tools, such as
milling cutters or turning inserts. For these tools, high-reso-
lution machine vision combined with deep learning is widely
utilized to classify or quantify localized wear phenomena
like edge chipping or flank wear [15—17]. However, the suc-
cess of these methods relies on the tool’s rigid, deterministic
geometry, which guarantees a predictable location of the cut-
ting edge and an unobstructed line-of-sight for the camera.

Transferring established direct inspection concepts to
compliant and stochastically structured tools such as flap
wheels reveals a dichotomy in wear assessment. On a
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macroscopic level, evaluating the overall flap profile from
a radial perspective to quantify global diameter reduction is
methodologically comparable to the 2D contour inspection
of rigid grinding wheels. However, assessing flap tears in
radial imaging is severely hindered by the tool’s overlap-
ping arrangement of flaps, causing severe visual occlusion.
Adopting an axial inspection perspective avoids flap occlu-
sion, but introduces computer vision challenges due to sto-
chastic visual tool appearance. Consequently, conventional
contour inspection algorithms are rendered ineffective. This
leaves a gap in the automated condition monitoring of com-
pliant abrasives, necessitating a new inspection approach
capable of resolving these structural peculiarities to quan-
tify and localize individual missing flaps.

2.3 Conclusion

An examination of the current state of research reveals a
gap in the understanding and automated inspection of flap
wheel wear. While grit wear, uniform flap degradation,
and selected flap profiles have been investigated, flap tears
have only been briefly mentioned in the literature. The pre-
cise causes and effects of flap failures, as well as method-
ologies for their automated visual detection have not been
addressed yet. Furthermore, while continuous macroscopic
wear such as uniform flap shortening can be effectively
mitigated by adjusting global process parameters, compen-
sating the expected local tool stiffness reduction for dis-
crete flap tears is fundamentally different. Due to the high
rotational speeds typical in grinding applications, actively
adjusting the tool engagement depth or force within a frac-
tion of a single tool revolution and synchronous with flap
tears is unfeasible. Therefore, tool replacement upon reach-
ing a critical condition remains the only viable strategy to
maintain process stability.

Consequently, the detection of flap tears must serve as
a basis for condition-based tool replacement. While in-
process monitoring via indirect signals is a common prac-
tice for conventional grinding processes, it is currently not
feasible for flap tears. The fundamental reason is that the
exact macroscopic effects of individual stochastic flap tears
on the grinding process remain largely unresearched. With-
out a reliable ground truth to correlate a missing flap to a
specific signal anomaly, indirect monitoring systems can-
not be employed effectively. Therefore, a direct, intermittent
optical inspection to evaluate the tool’s physical condition
between grinding cycles is necessary. While direct optical
inspection is a well-established practice for geometrically
deterministic cutting tools, the stochastic nature of abra-
sive flap wheels will likely demand a specialized approach.
Since conventional image processing algorithms generally
rely on rigid geometries and predictable contours, they are

expected to struggle significantly with the flexible, overlap-
ping, and visually chaotic structure of these compliant tools.
Thus, to meet the demands of modern zero-defect manufac-
turing, exploring visual inspection driven by deep learning
presents a highly promising alternative [18].

3 Conceptual design of the detection
system

3.1 Image acquisition setup

Torn flaps are primarily identifiable visually by flap rem-
nants (“stubs”) left at the core, while secondarily, the
distance between adjacent intact flaps tends to increase.
In a radial view used to examine tool diameter and flap
profile [6], the stubs and the gaps are usually occluded.
However, the complete radial structure including flaps and
stubs is recognizable from an axial viewing perspective.
To acquire these images, the flap wheel is positioned axi-
ally in front of a stationary camera by an industrial robot.
For a repeatable positioning of the flap wheel, the camera
and endeffector are calibrated to the robot. However, the
robot spindle rotation angle is not controlled and will be
random. A horizontal ringlight aligned to the flap wheel is
used to achieve a circumferential dark-field illumination.
This configuration evenly illuminates the entire flap struc-
ture while preventing reflections from the flap wheel core.
In addition, stray ambient light is effectivly supressed. The
acquisition setup used in this work is depicted in Fig. 2
and is conceptualized as an intermittent inspection sta-
tion located adjacent to the grinding cell. In an industrial
deployment it is advised to physically separate the acquisi-
tion setup from the machining zone to avoid dust contami-
nation, as well as to enclose it to also exclude any stray
light. The robotic grinding setup in this work is physically
restricted to tools up to 50 mm in diameter and the aqcui-
sition setup is designed for flap wheel sizes operational
within the grinding cell. For tools > 60 mm, some of the
flap tips are already outside the field of view.

3.2 Geometric normalization and problem space
reduction

Despite the axial inspection perspective, the radial arrange-
ment and arbitrary angular position and orientation of the
flap wheel structure pose a significant challenge for direct
image analysis, as it complicates feature extraction and
would necessitate complex, rotation-invariant algorithms.
In the original circular image, the continuously chang-
ing spatial orientation of the target features precludes the
efficient use of classical computer vision tools, such as
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Fig. 2 Frontal image acquisition setup in a robotic grinding cell

directional gradient filters (e.g. edge detectors) or projection
profiles. Similarly, Convolutional Neural Networks (CNNs)
are inherently translation-invariant, but struggle with this
rotational variance. Therefore, a geometric normalization to
simplify the problem space is a fundamental prerequisite,
regardless of whether classical image processing or deep
learning techniques are subsequently applied.

The core of this normalization is a transformation of the
initial frontal image into a polar coordinate system. Given a
previously determined tool center point as the origin and by
mapping the radial and angular information onto cartesian
axes (r — y , ¢ — x), the radial structure of the flap wheel
is “unrolled” into a linear band structure. The goal of this
transformation is to exploit the expected periodicity of the
flaps, as the flaps ideally appear as vertical structures in the
transformed image. In theory, this reduces the detection of
anomalies (missing flaps) to an analysis of deviations within
this periodic pattern.

In reality, however, the flaps are rarely attached with per-
fect spacing or aligned strictly radially to the core; they often
appear locally slanted, curved, or twisted. To facilitate sub-
sequent processing and support feature extraction further,
the flaps should be aligned as vertically as possible using a
shear transformation. While this transformation distorts the
natural curvature of the flaps, such distortion is irrelevant
for the detection of stubs. Since the initial inclination and
curvature are highly specific to each individual tool, the
optimal shear factor must be determined adaptively. In this
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work, the averaged horizontal image variance is computed
across a predefined interval of shear factors. The maximum
variance indicates the overall strongest vertical alignment
of the flaps, thereby identifying the optimal shear factor for
the respective tool.

By geometrically "unrolling’ the radial structure into a
cartesian coordinate system, the complex rotational vari-
ance is universally transformed into a simpler transla-
tional variance. Combined with the shear transformation,
this standardization forces all flaps into a uniform, vertical
orientation, ensuring structural comparability and thereby
drastically reducing the computational complexity and fea-
ture space for any downstream analytical or learning-based
algorithm. The procedure for the geometric normalization
of the frontal image is shown in Fig. 3.

3.3 Limitations of classical image processing
approaches

Resulting from the shear transformation, the image exhib-
its a certain degree of horizontal flap periodicity. Classical
analytical image processing approaches may now determine
color or intensity profiles to calculate flap distances and
deviations within the periodic pattern, thereby identifying
gaps and torn flaps.

However, evaluating distances or periodicity of edge
progressions, color and intensity values quickly proved
insufficient, as the visual appearance of flap wheels is
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Fig. 3 Geometric normalization of v,
the front image

subject to considerable fluctuations. The reasons for this
include manufacturing tolerances, the flap structure and the
resulting curvature due to flexibility, the varying number
and dense packing of the flaps, occlusions by protruding
fibers, as well as inhomogeneous coloring and irregular
flap textures. This stochastic variance in appearance cannot
be fully compensated for despite the described acquisition
setup and image transformations. In addition, individual
torn flaps do not necessarily result in a gap significantly
larger than the natural variance between intact flaps. While
larger gaps reliably indicate missing flaps, estimating the
number of missing flaps based solely on distance measure-
ments proves inaccurate.

For robust detection of missing flaps, it is therefore
necessary to directly detect the distinct visual features
of intact flaps and stubs. Secondary features (periodic-
ity, distances, specific colors, etc.) and manually defined
feature extractors (so-called “hand-crafted features™) do
not achieve the necessary robustness in this application.
Zou et al. [19] describe this limitation in their historical
review of object detection and highlight the paradigm
shift brought about by Deep Learning, where Convolu-
tional Neural Networks (CNNs) can directly learn invari-
ant and highly complex feature representations from raw
data to detect objects.

3.4 Learning-based flap detection

To recognize torn flaps and their location, a transition from
pure image classification to instance-aware object detection
is required. As Liu et al. [20] explain, generic object detec-
tion enables the precise localization of individual instances
within an image. Since the geometric length measurement
of each individual piece of fabric is essential for detecting
torn stubs, the prediction of bounding boxes represents the
most efficient bridge between visual recognition and subse-
quent analysis.

However, despite the preceding geometric normalization,
the stochastic nature of the abrasive fabric causes individual
flaps to retain local curvatures and slight individual incli-
nations. For this densely packed arrangement, the classi-
cal approach of axis-aligned bounding boxes (Horizontal
Bounding Boxes, HBB) is insufficient. In such cases, a hori-
zontal box inevitably encloses large parts of the background
or neighboring instances, leading to spatial misalignment
and severe noise during feature learning (“feature misalign-
ment”) [21]. For this reason, the use of Oriented Bounding
Boxes (OBB) is highly advantageous, if not essential, for
this problem area. OBBs better conform to the local physi-
cal rotation and curvature of the flaps, as well as the arbi-
trary bending of unsupported stubs, thereby allowing for a
cleaner separation of the densely packed individual objects.

Among the available, pre-trained OBB detectors, the
YOLO (You Only Look Once) architecture [22] represents
a suitable choice for adaptation to this use case. YOLO
belongs to the family of so-called one-stage detectors.
Recent systematic reviews emphasize that the evolution of
single-stage detectors, particularly the transition towards
lightweight architectures like YOLOvVS, has established
them as the preferred state-of-the-art framework for real-
time processing and edge-device deployment [23]. In con-
trast to more computationally intensive two-stage detectors
(such as Faster R-CNN), which generate and filter region
proposals in a separate, preceding step, YOLO predicts the
bounding boxes and class affiliations in a single, efficient
network pass [19, 20]. This compact architecture simultane-
ously processes the global image context and provides the
real-time capability required for automated inline inspection
at industrial production speeds (typically requiring less than
20 milliseconds per inference on standard industrial hard-
ware), while maintaining high localization precision.

To further maximize the performance of the YOLO net-
work, the problem is reduced to a pure 1-class detection.
Since intact flaps and defective stubs physically consist of
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the same material and exhibit identical texture characteris-
tics, semantic separation by the neural network would be
prone to errors and highly dependent on absolute scaling.
Furthermore, stubs occur rarely under normal operating
conditions and are significantly outnumbered by intact flaps;
a 2-class approach would thus result in a severe class imbal-
ance, causing the rarer defect class to be learned poorly.
Therefore, the model is trained exclusively to localize the
presence of “abrasive fabric” using an OBB.

To finally differentiate between an intact flap and a flap
stub, a hybrid architecture is implemented. Unlike conven-
tional end-to-end deep learning classifiers that act as black
boxes, this approach shifts the classification to a subsequent
algorithmic step. This explicit separation directly addresses
the critical industrial demand for transparent and trace-
able decision-making, as the deployment of pure black-box
models in manufacturing is frequently hindered by their
lack of interpretability [24, 25]. Since the preceding geo-
metric normalization aligns the objects, the spatial extent
of the bounding box directly correlates with the physical
length of the flap. Consequently, a flap is classified as torn
if and only if its localized geometry falls below a flexibly
adjustable, dynamically calculated size threshold. This
physics-informed approach not only solves the problem of
subjective human labeling errors without the need to retrain
the network, but it also guarantees that every defect clas-
sification provides a verifiable, explicitly measurable ratio-
nale. Ultimately, this ensures high fidelity, transparency, and
comprehensible decision-making for industrial applications.

Regarding the specific choice of model generation, the
decision was made to use YOLOv8 OBB instead of more
recent versions. This decision is primarily based on the archi-
tectural control over object overlaps and the saturation of
feature extraction. The evolutionary leaps of newer YOLO
iterations aim to improve performance on highly complex,
multi-class datasets [19]. For the single-class problem with
constant texture presented here, YOLOvVS already achieves
almost flawless feature extraction; parametrically heavier
models are not expected to provide measurable information
gain in this context.

Crucial to the choice of YOLOvVS8, however, is the han-
dling of dense object clusters when processing image tiles.
Because the high-resolution panorama images must inevi-
tably be divided into overlapping sub-images (tiles), box
duplicates are inevitably created during later fusion. Newer

architectural approaches (like YOLOv10) abandon the Non-
Maximum Suppression (NMS) algorithm to remove more
uncertain duplicates in favor of dual-label assignment dur-
ing training, which deprives the user of mathematical con-
trol over overlap resolution. YOLOv8 OBB retains NMS
control as an explicit parameter in the architecture, allowing
the Intersection-over-Union (IoU) threshold in the inference
pipeline to be adapted to the physical overlap of the tile
edges and the flaps. Complemented by the unmatched sta-
bility of the export routines for OBB angle calculations on
industrial hardware, YOLOVS provides a robust foundation.

3.5 Processing pipeline

The complete processing pipeline for the frontal images
regarding missing flaps is shown in Fig. 4 and begins with
geometric normalization. For the described polar trans-
formation, it is first necessary to determine the tool center
point. Subsequently, the frontal image is transformed and
initially cropped to a fixed height that covers all consid-
ered tool dimensions. Afterwards, the image is sheared,
using the best shear angle/factor determined for vertical flap
alignment.

The geometric transformation of the radial tool structure
into a linear panorama image inevitably creates artificial
cut edges. Flaps or stubs that physically lie exactly on this
dividing line are thus halved and distributed between the left
and right edges of the image. The YOLO network would
no longer be able to recognize these fragments as a coher-
ent object, leading to detection gaps at the image edges.
To compensate for this edge effect, the unrolled image is
horizontally expanded using circular padding (wrap-around
padding) immediately prior to inference. A defined pixel
area from the left edge of the image is copied to the right
edge and vice versa. This artificial overlap restores the con-
tinuous ring structure for the neural network, ensuring that
every object on the tool circumference is depicted fully and
uncut at least once.

However, due to the extreme aspect ratio of the unrolled
panorama image, it cannot be passed as a whole to the YOLO
network. Directly scaling it to the network’s standard square
input resolution would massively compress the image hori-
zontally, resulting in the loss of the fine texture features and
edge distances of the densely packed flaps. To preserve the
native spatial resolution and morphological properties, the

Geometric normalization

YOLOVvVS inference

Post-processing

Front = Flap wheel center detection = Padding = Removal of implausible Final
image = Polar transformation . Panorama tiling ' detect'ipns_and duplicates result
= Crop on ROI = Detection of flap objects = Classification by box length

= Shear transformation = Panorama reconstruction = Clustering of stubs

Fig. 4 Processing pipeline for flap tear detection
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panorama images for training and inference are therefore
divided into smaller, square tiles using a sliding-window
approach. To prevent objects from being cut at the inner tile
boundaries and thus overlooked, the tiling is performed with
a defined overlap. This guarantees that every flap and every
stub is fully visible in at least one tile and is captured by the
network with native edge sharpness.

Following the YOLO inference and panorama recon-
struction, the detections are post-processed. Duplicate
detections, which inevitably arise from the padding and til-
ing of the panorama, are algorithmically fused back into a
single object instance or removed in the downstream filter
pipeline, considering each model’s detection confidence. In
addition, implausible detections are removed, and a distinc-
tion is made between an intact flap and a stub. Finally, the
proximity of stubs is analyzed and directly adjacent stubs
are merged into clusters.

4 Development and implementation
4.1 Construction of the training dataset

For the development of the Deep Learning-based flap detec-
tion, a training dataset was constructed that maps the specific
geometric and optical properties of flap wheels. Panorama
images of the frontal views preprocessed with the previ-
ously described geometric normalization serve as the data
basis. These panorama images contain flap wheels in vari-
ous diameter sizes (20-50 mm), widths (5-20 mm), grit sizes
(grit 60-240), wear conditions (new, worn) as well as with
or without missing flaps, and varying lighting conditions. In
addition to tool images, individual polar-transformed back-
ground images were deliberately added to improve preci-
sion and reduce erroneous detections originating from the
background.

The polar-transformed images were manually labeled
using the Matlab Image Labeler, initially strictly differ-
entiating the objects into two classes (intact flaps and flap
stubs). Both classes exhibit the same flap thickness within
an image but differ significantly in their length and visual
appearance. During annotation, directly drawing the ori-
ented bounding boxes manually was deliberately avoided.
Instead, objects were marked with a polyline that follows
their orientation and, if applicable, curvature. Subsequently,
the lines are converted into the YOLO OBB format, which
contains the object’s class as well as the normalized image
position and orientation of the bounding box for each mark.
This procedure accelerates and simplifies the manual label-
ing process. Estimation errors regarding the position and
orientation of the boxes are thus only caused by inaccurate
nodes of the polylines.

The orientation of a bounding box is determined dur-
ing the subsequent conversion process by a line of best fit
through the marked nodes. The length of the box is then
obtained by projecting the first and last node onto this line.
The width of the bounding box can be either statically
defined or dynamically determined during the conversion
process. Since the flap width in the preprocessed image var-
ies depending on the number of flaps, a constant box width
could be too narrow or too wide for the actual flaps in some
cases, causing information on flap edges and gaps to be lost
or multiple flaps to be included. Therefore, the box width is
calculated dynamically for each image based on the median
horizontal distance between the center points of the nodes.
The box width is subsequently set to 90% of this median
distance so that the flaps are completely framed and parts
of the gaps between the flaps are included. Minor overlaps
of the boxes with closely adjacent flaps are accepted in this
process. Finally in the conversion process, both labeled
classes are combined into a single class. Figure 5 illustrates
the labeling process. To visualize the stubs, they have been
marked in red.

The final dataset comprised 74 panorama images. Since
the YOLO model scales input images to a fixed square input
size, the panorama images were each subsequently con-
verted into square-shaped tiles (60% overlap) after labeling.
This prevents the flaps from being extremely compressed
horizontally down to sub-pixel size. Texture features and
the aspect ratio of the objects are thus preserved. In total
888 individual tiles were generated (see Table 1).

4.2 Implementation and training

To determine suitable training parameters, model sizes,
and filter values, various training configurations were first
tested. A k-fold cross-validation with 5 folds was applied for
this purpose. The dataset is randomly divided into k equally
sized groups (“folds”). The model is retrained k times, with
a different fold serving as validation data and the remaining
folds as training data in each iteration. Finally, the results of
all k runs are averaged to provide a robust overall value for
model performance. This strategy offers several advantages
over single training runs with a random data split. Because
each data point is used once for testing and k-1 times for
training, data utilization is maximized. Moreover, since the
model is tested on different data combinations, the results
are less susceptible to chance in the data split, thus reduc-
ing variance. Furthermore, the folds facilitate the detection
of overfitting, as it is possible to assess whether the model
only works well on a specific subset of data or actually gen-
eralizes. To prevent data leakage within the folds, the pan-
orama images and all their corresponding tiles were strictly
assigned to either the training or validation set. This strict
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Fig.5 Flap labeling procedure

preprocessed
image
after
labeling
label
export
Table 1 Overview of the training dataset
Dataset Metric Count
Total number of panorama images 74
— of which images with only intact flaps 21
— images with at least one defect (stub) 50
— images with background only 3
Tile overlap 60%
— tiles per panorama image 12
— total number of tiles 888
Total number of annotated objects 4749
— Original label: intact flap 4434
— Original label: stub 315
@ Annotated objects per image 66.9
Max. number of stubs in a single image 21

separation ensures that the model does not artificially inflate
its performance by memorizing shared background textures
or specific tool features present in both sets. The entire soft-
ware pipeline, including model training and evaluation, was
implemented in Python utilizing the PyTorch deep learning
framework. During this cross-validation phase, compre-
hensive hyperparameter tuning was conducted to adapt the
baseline YOLOVS architecture to the specific requirements
of flap tear detection. It emerged that the “small” model size
(YOLOV8s-OBB) with an input resolution of 640 pixels
offers the optimal balance between detection performance
and computational efficiency. Larger models did not achieve
any significant performance advantages, but increased
memory requirements and reduced inference speed. The
deliberate choice of the YOLOvS8s architecture restricts
the overall model complexity (approx. 11 million param-
eters), effectively preventing the over-parameterization
and overfitting often associated with deeper networks. This
constrained complexity, combined with the comprehensive
k-fold cross-validation strategy, significantly reduces model
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parameter uncertainty. Within the network’s convolutional
blocks, the SiLU (Swish-1) activation function was utilized
to introduce the necessary non-linearity while effectively
mitigating the vanishing gradient problem.

For the optimization of the network weights, the Sto-
chastic Gradient Descent (SGD) optimizer was employed
in combination with a cosine annealing learning rate sched-
uler (initial learning rate 0.001). This scheduler dynamically
reduces the learning rate following a cosine curve, facili-
tating a smooth convergence into the global loss minimum
towards the end of the training process. The overall optimi-
zation objective was defined by a combined loss function
comprising Binary Cross-Entropy (BCE) for class predic-
tion, Distribution Focal Loss (DFL), and an Intersection over
Union (IoU) based regression loss for the oriented bound-
ing boxes. Given the single-class approach where precise
geometric localization of the flap boundaries is significantly
more critical than semantic classification, the bounding box
regression loss was heavily weighted in the hyperparameter
configuration compared to the classification loss.

To achieve high robustness and generalization capability
of the model towards unknown tools, massive data augmen-
tation—such as scaling, rotation, mosaic generation, and
color jitter—was incorporated into the training process. This
forces the model to learn abstract features instead of con-
crete shapes, positions, orientations, or colors of the flaps.
In addition to data augmentation, structural regularization
techniques were implemented to actively combat overfit-
ting. These included Weight Decay (L2 regularization) to
penalize excessively large network weights, Label Smooth-
ing to reduce model overconfidence, and Dropout layers,
which randomly deactivate a fraction of neurons (10%) dur-
ing training to enforce redundant and robust feature repre-
sentations. Furthermore, early stopping was utilized during
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the initial k-fold validation to monitor the validation loss
and identify the optimal training duration before overfitting
occurs. Based on these insights, the final model was trained
for a fixed, saturated duration of 250 epochs.

After the most suitable model architecture, hyperparam-
eter set, and training duration were determined, the final
model was trained. For this, 100% of the training data was
used, providing the network with the largest possible train-
ing base. The validation of the model and the pre- and post-
processing take place on a separate validation dataset that is
not used in the training process.

4.3 Post-processing of detections

The downstream filtering algorithms subsequently evalu-
ate the bounding boxes output by the object detection. To
clear redundant or physically implausible bounding boxes, a
multi-stage filtering logic was implemented, whose thresh-
olds were, wherever possible, derived data-driven from the
annotated training dataset. In addition, stubs that lie next to
each other are clustered.

Stage 1

In the first stage, a plausibility check of the boxes is per-
formed. Here, the boxes must

e exhibit a minimum width based on the median box width,

e have a longitudinal axis at an angle of less than 45° from
the vertical, and

e begin near the root area of the flaps.

During development, the minimum width was set to 50%
of the median box width, with the median box width calcu-
lated from all detected boxes. The deviation of the longitu-
dinal axis of the boxes is restricted to 45°. This value was
determined based on the training data and the maximum box
inclination observed there (41.3°), thus empirically filtering
out illogical boxes. The final condition filters out boxes that
do not start near the core. This removes floating boxes that
do not mark the physical connection of the flaps to the core.

Only boxes that meet all conditions are considered plau-
sible. These are passed to the subsequent stages and used to
calculate the median box length in Stage 3.

Stage 2

In Stage 2, duplicate detections resulting from padding
and overlapping tiles from the panorama or YOLO predic-
tions are removed. A box 1s removed,

e if it overlaps too much with another box and the other
box has a higher confidence,

e if its center is too close to another box and that box has
a higher confidence, or

e if the box is heavily enclosed by another box.

The evaluation of the training data revealed a maximum nat-
ural overlap (Intersection over Union, IoU) of adjacent flaps
of 0.16. The NMS threshold for the maximum permissible
overlap was consequently set to 0.20. Additionally, the data
analysis showed a minimum natural distance between box
centers of 17.6 pixels, from which a minimum distance of
13 pixels was derived for post-processing to reliably discard
duplicates that are too close together. To resolve duplicate
detections at the padding seams, the X-coordinates (circular
angle) of the bounding boxes are projected back into the
original image space via a modulo operation before filtering
(circular distance calculation). Through this virtual overlay
of the edge areas, seam duplicates can be seamlessly pro-
cessed and eliminated by the pipeline’s regular NMS.

While the classic IoU filter works excellently for boxes
of similar scaling, it reaches mathematical limits with highly
asymmetrical object sizes. Since the union of both boxes
is in the denominator for the IoU calculation, the overlap
value is artificially low for a very small and a very large
box, even if the small box is completely enclosed by the
large one. Consequently, a small erroneous box completely
nested inside a large box yields an IoU significantly below
the NMS threshold, preventing its deletion.

To eliminate such erroneously detected artifacts (e.g.,
alleged stubs detected within the texture of intact flaps),
an additional Matryoshka filter (Intersection over Smaller
Area) was added to the pipeline. This evaluates the overlap
not based on the union, but exclusively relative to the area
of the smaller object. While thresholds for the minimum
distance or the classic IoU can be derived directly from the
physical geometries of the manually annotated training data
(ground truth), the Matryoshka factor requires an empiri-
cal approach. The phenomenon of nested boxes does not
occur in reality and is only an inference artifact of the neu-
ral network (e.g., due to misinterpretation of local texture
deviations on intact flaps). Since such inclusion errors do
not exist in the error-free ground truth, the threshold was
empirically set to 33% based on physical plausibility. This
value provides sufficient tolerance for the optical overlap of
densely packed flap edges but reliably eliminates illogical,
network-generated ghost detections within the flap areas
before the final classification stage.

Stage 3

In the third stage, a final distinction is made between an
intact flap and a stub for each box. The essential physical dis-
tinguishing feature between flaps and stubs is their difference
in length. Therefore, an object is classified as a flap/stub,

e ifthe length of the box is above/below a threshold value.

Since the length ratio between intact flaps and stubs depends
on the tool design (diameter and flap length), a threshold

@ Springer
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value that is as universally applicable as possible for all tool
designs and wear conditions is of interest. To determine this
threshold, the training dataset was evaluated with regard to
the median lengths of intact flaps and stubs. This showed
that stubs exhibit between 12 % and 55 % of the median
intact flap length. For classification, a threshold of 57 %
of the intact flap median box length is therefore selected.
During inspection this median box length is calculated from
the top 20% longest boxes of an image to prevent the cal-
culation from being skewed if there are a lot of torn flaps.
The classification threshold was deliberately set at 57 %,
establishing a tight decision boundary just above the maxi-
mum observed stub length ratio. Choosing a higher thresh-
old (e.g., 80 %) was avoided to cover uneven flap lengths
which can occur through combined wear mechanisms of
intact adjacent flaps. A highly restrictive threshold of 57 %
maximizes the tolerance for this natural, uneven wear and
accommodates slight inaccuracies in bounding box pre-
dictions, thereby effectively minimizing the occurrence of
false-positive defect classifications.

4.4 Determination of flap tear clusters

The impact of spatially clustered stubs on the grinding result
is the topic of ongoing research. First results indicate that
clustered stubs, depending on the cluster size, are expected
to be critical for tool behavior and have a negative impact on
grinding results. Therefore, in addition to stub classification,
stub clusters need to be determined for the decision whether
to continue with the tool or replace it. Therefore, starting
from classified stubs, neighboring stubs are searched. If

Fig. 6 Final detection results
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another stub is found that is not separated from the current
stub by an intact flap, these stubs are assigned to a cluster.
Figure 6 shows the final result of the implemented flap
and stub detection in cartesian coordinates along with the
position and, if applicable, the grouping of missing flaps.

5 Validation

To verify and validate the performance and robustness of
the developed system for detecting flap tears, the agreement
between the calculated metrics and the actual condition of
the tool (ground truth) was evaluated. A validation dataset
consisting of N=70 images of an equal number of individual
flap wheels serves as data basis. The dataset was compiled
to represent a high degree of variance: It contains both new
and worn tools with varying numbers of torn flaps, ranging
from single ones to massive clusters.

Furthermore, the dimensions (diameter, flap width)
and grit size were varied. Here, designs with nominal
diameters of 60 and 80 mm were also tested, which
physically exceed the grinding hardware limitations and lie
outside the learned distribution. These larger dimensions
were deliberately withheld from the training phase to
evaluate the system’s robustness against severe geometric
domain shifts (out-of-distribution testing). In fact, since
a performance shift is expected here, the performance
metrics are determined both for the entire validation dataset
(N=70), the in-distribution subset (N=59) containing the
learned distribution (up to 50 mm diameter) and out-of-
distribution subset (N=11).

Condition: Flap Tear

Detected Objects
» Flaps: 66
» Stubs: 6

Details:

#1: 2 Stubs at 51°
#2: 1 Stub at 133°
#3: 1 Stub at 254°
#4: 1 Stub at 264°
#5: 1 Stub at 293°
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For each image, a manual reference annotation (ground
truth) was created, in which the number of intact flaps, miss-
ing flaps (flap stubs) and defect clusters were visually deter-
mined and documented. To investigate the generalization
capability of the detection and avoid data leakage of specific
tool instances, the validation dataset contains exclusively
images of physical flap wheels that were not already part
of the training. This object level separation ensures that the
model recognizes abstract flap features rather than merely
the specific texture or geometry of previously known tools.

5.1 Classification performance

First, the system’s ability to distinguish between tools with
exclusively intact flaps and tools with stubs was evaluated.
The results of this classification are presented in Table 2 for
the entire dataset as well as the “In-Distribution” and “Out-
of-Distribution” subsets.

The confusion matrices not only prove the performance
of the neural feature extraction but specifically confirm the
robustness of the downstream classification logic. While the
system achieved good results for the in-distribution dataset,
misclassifications occurred especially with unknown tool
sizes not part of the training dataset. As a result, the perfor-
mance on the entire dataset decreased.

A detailed analysis of the misclassifications at unknown
tool dimensions (out-of-distribution, 60 mm and 80 mm),
as illustrated in Fig. 7, confirms the impact of a geomet-
ric domain shift. Because larger tool circumferences are
projected onto the same tile sizes, the flaps experience
significant horizontal compression in the pixel space. This
massively alters the aspect ratio as well as the spatial texture

Table 2 Comparison of the classification results

Classification  In-Distribution  Out-of-Distribution Total

Metric Dataset
@ 20-50 mm @ 60mm < 80 mm

No. images N 59 5 6 70

True Positives 30 1 1 32

(TP)

True Negatives 27 2 2 31

(TN)

False Positives 2 1 2 5

(FP)

False Negatives 0 1 1 2

(FN)

Overall 96.61 % 60.00 % 50.00 % 90.00

Accuracy %

Balanced 96.55 % 58.33 % 50.00 % 90.11

Accuracy %

Recall (Flap 100.00 % 50.00 % 50.00 % 94.12

Tear) %

False Positive  6.89 % 3333 % 50.00 % 13.89

Rate %

frequency compared to the training data. Consequently, two
primary failure modes occured: First, in particular for 80
mm samples, the object detection network partially spans
bounding boxes only over fragments of intact flaps (e.g. just
at the flap root), while implausible boxes are filtered (see
Fig. 8). In the subsequent deterministic filtering logic, these
incomplete boxes affect the length threshold calculation
more than some cut-off flap tips, provoking false-positive
tear classifications as well as missed stubs (false negative).
Secondly, feature extraction tends to fail for severely com-
pressed flaps and stubs, causing them to be overlooked by
the network and thus omitted.

5.2 Object quantification performance

A central quality characteristic is the correct number of flaps
and stubs (total and adjacent). The number of missing flaps
is particularly critical as these values serve as thresholds for
tool replacement. To avoid statistical dilution through over-
and undercounting, the counting accuracy was primarily
evaluated using the Mean Absolute Error (MAE).

As listed in Table 3, the achieved MAE of 0.14 for
intact flaps and 0.12 for flap stubs represents a remarkably
high counting precision. Considering the high density of
the tool structure, which features an average of 66.9 indi-
vidual objects per flap wheel, an MAE of 0.14 corresponds
to a relative counting error of approximately 0.2%. This
low error rate indicates that the system operates almost
error-free on the majority of tools, with miscounts limited
to a maximum of a single object in rare edge cases of the
in-distribution subset.

However, evaluating the quantification metrics across the
out-of-distribution subsets highlights a severe performance
degradation. While the model already suffers a significant
loss of accuracy for the 60 mm samples — achieving an
error-free count in only 60.0 % of cases, which falls short of
the reliability required for practical application — the quan-
tification capability collapses completely for the 80 mm
diameter group (0.0% error-free counts). This degradation
is further reflected in the drastic increase of the MAE from
an already elevated 1.2 at 60 mm to 10.5 for intact flaps,
5.0 for flap stubs, and 3.67 for defect clusters at 80 mm.
Rather than exhibiting a slight drop in precision, the model
reaches its operational limits, failing partially at 60 mm and
systemically at 80 mm.

Closer analysis of results with erroneous counts reveals
different causes depending on the considered subset of the
dataset. In the in-distribution dataset, no object was over-
looked or filtered out in any case. Facilitated by an optical
overlay of a stub and an intact flap as well as heavily frayed
stubs with long fabric remnants, the counting errors resulted
solely from incorrect class assignments.
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Fig. 7 False classification analysis
of the out-of-distribution subset

0° 90°

Sample: 29 | Tool diameter: 80 mm | Predicted: Tear | Ground Truth: No tear

| out of original image | wrong classification |

missed objects

180° 270° 360°

0° 90°

180° 270° 360°

Sample: 47 | Tool diameter: 60 mm | Predicted: No tear | Ground Truth: Tear

' missed stub |

Fig. 8 Erroneous box filtering for
out-of-distribution sample

Table 3 Comparison of the quantification results

Metric In-Distribution Out-of-Distribution Total
Dataset

@ 20-50 mm g 60mm < 80 mm

No. images N 59 5 6 70

Images with 48 (81.4 %) 3(60.0%) 0(0.0%) 51

error-free (72.8

count %)

MAE intact  0.14 1.2 10.5 1.01

flaps

MAE flap 0.12 0.6 5.0 0.53

stubs

MAE defect 0.10 04 3.67 0.40

clusters

For the out-of-distribution dataset, many object boxes
were rejected after YOLOvVS inference due to suspected
implausibilities, as depicted for sample no. 29 in Fig.

@ Springer

8. This issue is particularly pronounced for the 80 mm
samples, where the geometric deviation from the training
distribution reaches its extreme and causes the elevated
MAE values observed in Table 3. Due to the increasingly
unfamiliar ratio of flap/box length to width to the object
detection network, the boxes often cover only half the flap
length. Particularly for 80 mm flap wheels, these bound-
ing boxes rarely encompass the entire flap and either start
at the bottom at the flap root or at the top at the flap tip,
where these floating tip boxes are rejected. This impairs the
length threshold essential for subsequent class assignment
through too-short box lengths. Furthermore, coarser box
overlaps occur due to the unusually thin flap structure of
the larger diameters, leading to a substantially higher rate
of discarded boxes for 80 mm samples and leaving several
flaps entirely unassigned.
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6 Discussion

During the validation of the developed missing flap detec-
tion system, the detection quality demonstrated a depen-
dency on the tool dimensions represented in the training.
If flap wheels are fed into the system whose diameter or
flap length deviate significantly from the training data, a
significant drop in model performance is observed. This
effect can be attributed to a phenomenon known in pat-
tern recognition as domain shift. The underlying neural
network (YOLO) learned specific visual features — such as
the spatial frequency of the texture, edge progressions, and
lighting gradients — based on a defined distribution. If the
geometric proportions in the image change significantly,
the extracted image features fall outside this distribution.
This leads to reduced confidence or wrong positioning of
the initial bounding boxes. For implementing the detection
approach, it is therefore recommended to cover the expected
tool dimensions within the training dataset.

When evaluating the overall system, however, it is essen-
tial to differentiate between feature-based object detection
and downstream deterministic evaluation logic. The filter-
ing and classification pipeline developed in this work was
deliberately designed to be scale-invariant and data-driven.
The parameters for distinguishing between an intact flap
and a defect are not based on absolute pixel values but on
relative statistical size determinations, such as using the
median of the longest detected objects as a dynamic refer-
ence length. Consequently, the evaluation logic scales auto-
matically with the respective tool size.

However, the constant length threshold method used
for classification may become increasingly susceptible to
errors as overall tool wear progresses. Because the intact
flaps shorten uniformly over the tool’s operating life, their
length gradually converges with that of previously formed
flap stubs. Consequently, the relative threshold drops, which
may allow longer stubs to exceed the limit and be falsely
classified as intact flaps (false negatives). A potential solu-
tion to this limitation is the implementation of an adaptive
threshold that increases over the tool’s usage time, coupled
to the current state of uniform flap wear measured against an
initial baseline. From a process perspective, however, this
geometric convergence also mitigates the severity of such
errors. As the length differential between intact flaps and
stubs minimizes, the physical and mechanical difference
between them disappears. Consequently, misclassifications
that occur due to this reduced separation are expected to
have a smaller impact on the overall grinding result.

To enable the detection system for a broader range of
tool sizes in the future, no structural adjustment of the eval-
uation architecture is required. Instead, performance can be
increased through transfer learning methods (fine-tuning).

By adding a relatively small amount of annotated image
data of new tool dimensions to the existing training dataset,
the detection model could be expanded iteratively, thereby
reducing classification and counting errors. The physi-
cally based filter logic as the universal evaluation core can
remain unchanged.

Furthermore, the training methodology of the feature
extraction model warrants critical consideration. The current
implementation relies on an SGD optimizer with a cosine
annealing scheduler, which provided a robust baseline and
high accuracy. However, this approach leaves potential per-
formance gains untapped and contributes to model param-
eter uncertainty, as the influence of adaptive optimization
algorithms (e.g., Adam, AdamW, or RMSprop) on this spe-
cific industrial dataset was not investigated. Since this study
primarily focused on proving the feasibility of the hybrid
geometric pipeline, fundamental neural network optimiza-
tion was constrained. Addressing this limitation through a
systematic benchmark and automated hyperparameter tun-
ing remains a necessary step to maximize efficiency and
minimize parameter uncertainty in future deployments.

Finally, a critical aspect of the system’s practical deploy-
ment is its processing speed. Although the underlying
YOLOvS OBB model achieves its characteristic high-speed
inference on a per-tile basis, the overall performance depends
on the entire end-to-end processing chain. This includes
image preprocessing, multi-tile inference per image, and
the deterministic post-processing rules. Tests have shown
that the system currently achieves a total processing time
of approximately 1.5 seconds per tool on desktop hardware,
without any specific optimizations such as TensorRT con-
version or batch inference in the software implementation.
While this unoptimized latency may be already sufficient
for intermittent inspection tasks, transitioning to hardware-
optimized execution environments and general software
optimization could significantly reduce this timeframe.

7 Conclusion and outlook

In this work, a visual inspection of abrasive flap wheels
in order to detect flap tears is proposed. The approach uti-
lizes axial images of flap wheels, where flaps and stubs of
failed flaps are best visually recognizable. These images are
geometrically normalized, before a YOLOv8 OBB detec-
tion model is applied to detect flaps objects. The detections
are subsequently processed to identify duplicates as well
as plausible objects, and finally distinguish between intact
flaps and flap stubs.

Results showed good performance both in terms of
object classification and quantification. However, the
results depended on the tool properties used for training.
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When applied on unknown flap wheel sizes, flaps are often
not fully recognized and bounding boxes not properly posi-
tioned, and thus partially filtered as implausible.

In the future, the detection approach could be linked
to continuous process monitoring, in order to detect flap
tear events and, if necessary, trigger the visual flap wheel
inspection and decision on tool change. However, the deci-
sion must be based on an understanding of the processes
involved in flap tears. To achieve this, correlating the auto-
matically quantified flap tear condition with actual machin-
ing performance metrics, such as material removal rate,
removal uniformity or surface roughness, will be the focus
of future experimental studies.
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