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Abstract

Reliable surface preparation is essential for achieving accurate and reproducible OES analysis of steel
samples. This Application Note presents a comparison between a conventional algorithm-based image
evaluation method and a deep learning-based segmentation approach for automated monitoring of
milling insert wear in the HS-F 1000 milling machine equipped with PrepMaster Vision. The
investigations demonstrate that the deep learning model provides significantly improved robustness and
accuracy under challenging industrial imaging conditions such as reflections, varying illumination, and
complex insert geometries. Compared to conventional image-processing methods, the deep learning
approach achieved substantially lower deviations from light-microscopy reference measurements while
simultaneously simplifying adaptation to different insert types and operating conditions
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Introduction

Automated surface milling is a critical process
step in the preparation of steel samples for
optical emission spectroscopy (OES). Reliable
analytical performance and low measurement
uncertainty strongly depend on a consistent and
reproducible milling process [1, 2, 3]. Insufficient
material removal can result in the analysis of
non-representative or structurally altered surface
layers, while excessive milling unnecessarily
increases cycle time, tooling costs, and material
consumption.

To ensure stable and reproducible milling
conditions, HERZOG has developed the

integrated PrepMaster Vision (PM Vision)
monitoring system for the HS-F 1000 steel
milling machine (Figure 1). PM Vision combines
high-resolution image acquisition with intelligent
image evaluation methods to continuously
assess the condition of milling inserts during
operation. The system enables automatic
detection and quantification of wear and
chipping on the cutting edge and can initiate an
automatic insert change when defined wear
limits are exceeded.

This Application Note compares a conventional
algorithm-based image evaluation approach with



a deep learning-based image segmentation
method for the detection of damaged cutting-
edge areas on milling inserts. Particular
attention was paid to challenging imaging
conditions caused by reflections, glossy
surfaces, varying illumination, and different
insert geometries.

Figure 1: Overview of the PrepMaster Vision system
integrated into the HS-F 1000 for insert monitoring

Methods

The investigations were carried out on an HS-F
1000 equipped with a fully integrated PM Vision
tool condition monitoring (TCM) system. Milling
tests were performed using milling heads fitted
with three different round insert types (Figure 2):

+ Type 1: Positive carbide insert for general
steel applications

« Type 2: CBN insert for hard machining
applications

* Type 3: Round insert for machining softer
steel grades

Type1 Type 2

Figure 2: Overview of the different inserts
investigated in this application note: Type 1 for
general steel applications, type 2 for hard machining,
type 3 for soft steel grades.

The inserts were evaluated at different stages of
wear development during milling operation. For
each insert condition, the damaged cutting-edge
area was determined using:

* A conventional algorithm-based image
evaluation method

* A deep learning-based image segmentation
method

* Reference
microscopy

measurement by light

The deviation between the optical reference
measurement and the image-based evaluation
was used as the performance indicator for both
approaches.

Conventional Image Evaluation

The conventional image evaluation workflow
was based on a sequence of classical image-
processing operations including contrast
enhancement, gradient analysis, edge detection,
adaptive thresholding, and contour evaluation.
After automatic localization of the insert position,
the damaged cutting-edge area was segmented
and quantified.

Due to differences in geometry, surface texture,
engravings, and reflection behavior, individual
parameter sets and evaluation routines had to
be developed for the different insert types. This
increased the sensitivity of the system to
changing imaging conditions and insert-specific
characteristics.

Deep Learning-Based Evaluation

For the deep learning approach, PM Vision uses
a multi-stage segmentation workflow based on
convolutional neural network architectures
specifically optimized for industrial image
analysis tasks.

In a first step, the system automatically localizes
and segments the insert within the captured
image. In a second step, the damaged cutting-
edge regions are identified and segmented on a
pixel level. The model was trained using
annotated reference  images  containing
manually labeled damage areas.



Deviation (%)

To improve robustness under industrial
operating conditions, the training data were
systematically augmented using geometric and
photometric variations such as rotation,
mirroring, brightness adaptation, scaling, and
controlled image noise. This enables stable
detection performance even under changing
illumination conditions, reflections, or varying
insert orientations.

The resulting segmentation masks allow precise
and reproducible quantification of damaged
areas directly from the acquired process
images.

Results

The deep learning-based evaluation showed
significantly higher agreement with the light-
microscopy reference measurements for all
investigated insert types. Figure 3 compares the
percentage deviation between the image-based
evaluation methods and the optical reference
measurements for the three investigated insert
types.
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Figure 3: Percentage deviation of the two imaged-
based evaluation methods from microscopic analysis

The results clearly demonstrate the superior
accuracy and robustness of the deep learning
approach compared to the conventional
algorithm-based evaluation. While both methods
showed relatively low deviations for insert types
with  homogeneous surface properties, the

differences = became  substantially = more
pronounced for inserts with more complex
optical characteristics.

The largest improvement was observed for
insert type 3, where the conventional algorithm
reached a deviation of 18 %, whereas the deep
learning model achieved a deviation of only 1 %.
Similar improvements were also observed for
insert types 1 and 2. The superior performance
of the deep learning approach can be attributed
to its improved robustness against reflections,
engravings, curved surfaces, and varying
illumination conditions.

The graphical comparison in Figure 3 highlights
that the deep learning-based evaluation
consistently achieved lower deviations across all
investigated insert types, demonstrating a more
stable and reliable detection of damaged
cutting-edge areas under industrial operating
conditions.

Discussion

The results clearly demonstrate the advantages
of deep learning-based image evaluation for
automated monitoring of milling inserts in
industrial sample preparation systems.

Compared to conventional image-processing
algorithms, the deep learning approach provides
significantly improved robustness against
reflections, glossy surfaces, changing
illumination, and varying insert geometries. This
advantage becomes particularly important for
inserts with curved, textured, or engraved
surfaces.
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Figure 4: Screenshot of the PM Vision Module for
TCM of milling inserts integrated in the PrepMaster
Analytics Software Suite




Another major benefit is the flexibility of the
system architecture. Conventional image-
processing workflows frequently require insert-
specific  parameterization and  dedicated
evaluation routines for each insert type. In
contrast, the deep Ilearning model can
generalize across multiple insert geometries and
surface conditions within a single framework.
This considerably simplifies system integration
and future expansion to additional insert
designs.

Furthermore, conventional evaluation methods
typically rely on multiple sequential processing
steps. Errors introduced during early stages
such as filtering or thresholding can propagate
through the entire workflow and negatively affect
the final segmentation result. The deep learning
approach directly predicts the damage mask
from the original image data, thereby reducing
cumulative processing errors and improving
overall segmentation stability.

The integration of the deep learning model into
PM Vision enables fully automated and process-
optimized monitoring of milling inserts within the
milling workflow. Automatic detection of critical
wear conditions and autonomous insert
replacement ensure stable milling quality without
operator intervention. As a result, analytical
reliability, reproducibility, and process autonomy
in automated OES sample preparation can be
significantly improved.
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