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Reliability of a deep learning-based early warning system for table milling safety
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We present a proof of concept for a deep learning—based early warning system that forecasts kickback events in hand-
fed table milling from multivariate sensor time series. To address the lack of woodworking datasets for acute safety
events, we generate a dedicated dataset using a custom experimental setup that reproducibly induces kickback and
records synchronized active power, spindle speed, and triaxial vibration data under multiple process configurations.
A hybrid 1D CNN-attention—-BiLSTM model is trained on standardized sliding windows with class-imbalance
handling and threshold optimization to balance detection performance and false alarms. Evaluation across milling
configurations shows second-scale early warning lead times with millisecond inference latency, but also highlights
limited transferability between configurations and insufficient robustness for safety-critical deployment, motivating

further validation and methodological improvements.
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1. Introduction

The construction sector, particularly the wood-
processing industry, exhibits elevated accident
rates, with milling machines being a major source
of injuries [1, 2]. Table milling machines are
widely used due to their versatility in processing
wood and wood-based materials, with workpieces
fed either by power feeders or manually, espe-
cially in craft settings, by guiding them towards
the rapidly rotating tool [3].

A major accident scenario for table milling
machines is “kickback”. This is defined as the
sudden, uncontrolled ejection of the workpiece in
the opposite direction to the feed due to its en-
gagement with the rotating milling tool. Kickback,
particularly during manual plunge or test milling
on spindle molders, poses a serious safety risk and
can cause severe injuries and equipment damage
[4]. Although passive safety measures exist, such
as using clamping jigs for short workpieces, they
are often not used in practice [3]. More recently,
mechatronic safety systems have been introduced,
primarily for circular sawing, using sensor-based
detection to identify hazardous hand—tool prox-
imity and trigger protective actions [5]. Altendorf
Group presents an Al-based optical safety system

with an extended pre-warning zone, illustrating
the greater flexibility and reduced constraints of
Al-based approaches for detecting hazardous sit-
uations [6].

In this paper, we present a customized ta-
ble milling machine setup for generating training
data for an Al-based monitoring system that can
predict kickback. Section 2 discusses the phe-
nomenon of kickback and current approaches to
anomaly detection in time series. Section 3 intro-
duces the experimental setup to record kickback
events. The resulting data is described in Section
4. Section 5 describes the methods used to create
the prediction model, followed by the results and
discussion in Section 6. Finally, Section 7 sug-
gests possible further research directions.

2. Background
2.1. Kickback in Milling Processes

When milling with stationary milling machines,
common causes of kickback in hand-fed work-
pieces include feeding the workpiece in the wrong
direction, excessive depth of cut, dull tooling, and
inadequate hold-down or missing/poorly adjusted
stops. Fig. 1 details a typcical sequence of a kick-
back event: (1) initial situation before milling;
(2) continuous milling, whereby the workpiece
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Fig. 1.: Sequence leading to kickback in handheld milling.

is pushed by the user against the direction of
rotation of the tool and pressed against the stop;
(3) sudden lift-off of the workpiece by the user
reduces normal force and guidance; (4) renewed
contact creates a large instantaneous chip thick-
ness and sudden cutting engagement; (5) the tool’s
tangential force accelerates the workpiece against
the milling direction, i.e., kickback occurs. The
workpiece is torn from the operator’s hands or
hurled toward them. Kickback can cause severe
injuries, including lacerations, fractures, crush in-
juries, and eye trauma, and can be fatal in extreme
cases.

2.2. Anomaly Detection in Industrial
Settings

An extensive survey of various anomaly detec-
tion methods including deep learning—based ap-
proaches is presented in [ 7], highlighting that deep
learning outperforms traditional methods as the
data scale increases due to its ability to learn
hierarchical, high-level representations automat-
ically. This automatic feature learning removes
the need for manual domain-specific engineering
and enables end-to-end solutions from raw data.
Deep learning has become prominent for moni-
toring industrial machinery, particularly through
the use of convolutional neural networks (CNNs)
and recurrent neural networks (RNNs) to process
time-series sensor data. Zhang et al. demonstrated
the success of adaptive CNNs in extracting local

features from raw vibration signals in bearing
fault diagnosis, thereby establishing a baseline for
modern sensor analysis [8]. More complex hy-
brid architectures have since emerged to capture
temporal dependencies. For instance, Schlagen-
hauf et al. utilized a convolutional autoencoder to
detect anomalies in the milling of steel, focusing
on reconstruction errors to identify process devi-
ations [9]. Similarly, Cooper et al. applied gen-
erative adversarial networks (GANSs) to acoustic
signals for detecting tool breakage [10]. How-
ever, these approaches predominantly focus on
metal machining and gradual tool wear. Metal cut-
ting is characterized by homogeneous materials
and predictable force models. In contrast, wood-
working introduces significant non-linearity due
to anisotropic material properties (e.g., grain di-
rection, knots). Furthermore, most existing mod-
els target maintenance metrics, such as remaining
useful life (RUL), rather than acute safety events
like kickback, which require real-time detection
of rapid, transient precursors instead of long-term
degradation trends.

The development of data-driven safety systems
is currently limited by a lack of domain-specific
datasets. Standard public benchmarks, such as
the UC Berkeley Milling Data Set [11] or the
IMS Bearing Data [12], focus exclusively on tool
wear propagation and rotating machinery faults in
metal processing. These datasets are well-suited
for RUL prognosis but lack the acute, high-impact
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Fig. 2.: Left: Schematic of the experimental setup with traction unit, lateral guidance, and lift-off

mechanism for the wooden slats. Right: Photograph of the setup. The vibration sensor is visible at the

right edge.

kickback events characteristic of woodworking
accidents. There is a distinct absence of datasets
and systems that utilize process dynamics (milling
speed, power, and vibration) to forecast hazardous
machine states before they occur. Our work ad-
dresses this gap by providing a unique dataset
focused on wood milling kickback and presenting
a hybrid CNN-Attention-LSTM architecture for
prediction.

3. Experimental Setup

Experiments were performed on a vertical spindle
molder machine of type Bernardo T 800 F to
investigate kickback during hand-fed milling. The
machine offers three spindle speeds (e. g. 3090 or
6080 rotations per minute) selectable via a belt
drive with stepped pulleys. Rebating cutterheads
of type Falzmesserkopf 125 x 50 x 30 mm - Z4
/ V4 from Bernardo were used. Spruce wooden
slats with the dimensions 400 x 60 x 37 mm were
milled in the experiments. The cutter engagement
can be adjusted continuously, both in height (verti-
cal tool position) and in depth of cut (lateral infeed
at the fence).

A dedicated fixture was developed to simulate
manual milling. Forward feed of the slats in the
cutting direction is generated by an integrated
traction unit, see Fig. 2: a hook mounted on the
end face of each slat serves as the attachment point
for a rope that is wound by a rotary motor with
a take-up reel, pulling the workpiece through the

cut. Lateral guidance is maintained by a spring-
loaded beam that presses the workpiece against
the fence.

In routine workplace operations, brief operator
inattention can cause kickback. In our experimen-
tal setup, this is simulated by a lift-off mecha-
nism. The essential components are a wedge to lift
the workpiece and a retraction unit that removes
the wedge, see Fig. 3. The wedge is mounted in
contact with the left fence. As the motor pulls
the workpiece up the wedge, the workpiece first
departs the fence and then separates from the cut-
terhead. The lift-off increases until, at the wedge’s
end, the workpiece trips a retaining element that
abruptly retracts the wedge. Concurrently, the pull
rope disengages from the workpiece hook. The
spring-loaded beam then presses the workpiece

back against the fence, suddenly restoring contact
with the cutterhead and producing kickback.

Fig. 3.: Left: Schematic setup of the lift-off unit.
Right: Lift-off process during milling.
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Fig. 4.: Typical measurement data from a single milling pass.

Our experimental setup reflects a typical real-
world scenario for kickback. Nevertheless, other
combinations of uneven feed motion and contact
pressure can also lead to kickback.

Several signals were acquired with a Delphin
data acquisition system to characterize the milling
process: spindle speed was derived from an in-
ductive sensor that produces three pulses per
shaft revolution, sampled at 50 kHz. Table vi-
bration was recorded with a industrial triaxial
accelerometer, also sampled at 50 kHz. The to-
tal active machine power was measured using a
Beckhoff EL3403, which provides a new power
value every 20 ms (50 Hz). The active power value
was forwarded to the Delphin system for time-
synchronized logging. This configuration enables
the correlation of spindle dynamics, structural vi-
bration, and electrical load with the onset and
evolution of kickback events. As a result, each
dataset contains the following synchronized sen-
sor signals: active power of the molder machine
in watts, motor rotational speed in rotations per
minute (RPM), and table vibration in X, y, z in
m/s2.

A typical dataset is shown in Fig. 4. The graph
also shows the relevant process phases: (1) initial

milling with reduced contact between the work-
piece and cutterhead, (2) stationary milling, (3)
the workpiece contacts the lift-off wedge, which
induces a twist in the motor’s holding fixture and
slows down the workpiece’s motion in this phase,
(4) lift-off, and (5) kickback. While every dataset
contains a kickback event, the duration of these
events in each dataset is less than 5% of the total
measurement time, resulting in a highly imbal-
anced data set.

4. Data Preparation

Table 1 summarizes the parameter values used in
the experiments. All possible combinations of the
three parameters were tested. For each of the 18
parameter combinations, eight experimental runs
were performed, yielding a total of 144 datasets.

Table 1.: Parameters and parameter values

Milling Milling Milling
speed (RPM) height (mm) depth (mm)
6080 5 5
3090 10 10

15 15
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Categorization enables evaluation of geomet-
ric effects, speed effects and overall performance
across the complete dataset. For the experiments
(Tables 2, 3), the datasets were categorized as
follows:

(1) Small Milling: Height and depth = 5 mm,
evaluated at both speeds.

(2) Large Milling: Height and depth = 15 mm,
evaluated at both speeds.

(3) Fast Milling: All height—depth combinations at
6080 RPM only.

(4) Slow Milling: All height—depth combinations
at 3090 RPM only.

(5) Total Milling: All speeds and all height—depth
combinations combined.

A custom graphical user interface was used to
manually annotate kickback events by visually
inspecting the motor power signal and marking
event start and end times for each recording. The
resulting annotations were exported and used in
a pre-processing pipeline that reloads the corre-
sponding raw sensor data and maps annotated
event times to sample indices. Based on these
indices, a three-state temporal label sequence was
generated, consisting of normal operation, a warn-
ing state extended backward by a fixed temporal
buffer, and a fixed-duration event state. All sen-
sor channels were standardized using a global z-
score normalization to ensure consistent scaling
across recordings. The normalized signals were
then padded at the beginning and segmented into
overlapping sliding windows, each assigned a bi-
nary label depending on whether a warning state
occurred within a predefined future prediction
window, yielding samples for predictive model
training. As not all files could be annotated, the
number of files used for model training differs
from the total number of available files.

5. Model Construction and Metrics

A hybrid 1D CNN-attention-BiLSTM architec-
ture was used for multivariate time-series event
prediction (Fig. 5). Three 1D convolutional layers
(64/128/256 filters; kernel sizes 7/5/3), each with
batch normalization and ReLU, extracted local
temporal features, with max pooling after the first
two layers. A temporal attention module (1x1

convolution + sigmoid) reweighted salient time
steps before two stacked BiLSTM layers (128
units per direction, dropout 0.4) captured long-
range dependencies. The final representation was
passed through a 128-unit fully connected layer
with ReLU and dropout, followed by a linear
output layer producing a single logit (sigmoid at
inference).

The model was trained for binary prediction of
events within a future window using sliding win-
dows over normalized signals. Class imbalance
was handled with weighted binary cross-entropy
(positive weight equal to the negative-to-positive
ratio). Optimization used AdamW (learning rate
and weight decay 1 x 10~%), gradient clipping
(1.0), a validation-loss scheduler (factor 0.5), and
early stopping based on validation AUC, with the
best AUC checkpoint retained.

During inference, window-level probabilities
were optionally smoothed using a moving aver-
age, and warnings were triggered when probabil-
ities exceeded a predefined threshold for a sus-
tained period.

The hybrid model was evaluated using metrics
designed to capture both classification accuracy
and early warning capability. Given the imbal-
anced nature of rare event data and the safety crit-
ical context, threshold dependent and independent
metrics were jointly considered.

The optimal threshold was determined by max-
imizing the Fl-score across thresholds ranging
from 0.1 to 0.9 on test predictions, selecting the
probability cutoff that achieves the best preci-
sion-recall balance. In highly imbalanced sce-
narios, the Precision—Recall (PR) curve is more
informative than the ROC curve, as the latter
can present an overly optimistic view when the
negative class dominates. The area under the PR
curve (PR-AUC) was therefore used as a primary
evaluation metric, emphasizing correct detection
of rare events while penalizing false alarms.

Inference speed is defined as the mean latency
per sliding window, averaged across all windows
and excluding data loading and processing, pro-
viding an indicator of suitability for near real-time
applications. Lead time is defined as the temporal
difference between the onset of a predicted warn-

959



960 Proc. of the European Safety and Reliability Conference (ESREL 2026)

1D Convolutional Layers | |

| (e

LsTM Layers | [ Fully Connected Classifier |

Input: BxFxT

[ micomzss31 |

[ conviDes kemei7 |
v

Batch Norm

ConviD 128, Kemel 5

==
O

Time Weights

Dense 128, ReLU,
Dropout

Dense 1 (logit)

P(Event)

| BILSTM, Hidden 128
™y

(Sigmoid applied at inference)

Conv1D 256, Kemel 3

Fig. 5.: Architecture of the proposed CNN-BiLSTM-Attention model for time-series event prediction.

ing and the start of the corresponding labelled
warning period, quantifying the advance notice
available for initiating protective action.

6. Results and Discussion

We assessed the cross-configuration performance
of five independently trained models across all
milling configurations (total set, fast and slow
speed, small and large milling depth). Table 2
presents results from a 15% holdout test split,
whereas Table 3 reports performance on the full
dataset. In most cases, models achieved their high-
est performance when evaluated on the same con-
figuration used for training, suggesting limited
transferability of configuration-specific features.

The model trained on slow milling speed ob-
tained the highest Fl-score (0.73), indicating
a favorable balance between precision and re-
call under this operating regime. In contrast, the
model trained on all configurations (Total milling)
demonstrated the strongest overall generalization
capability, yielding stable performance across dif-
ferent evaluation settings.

Across all models and configurations, events
were detected with a median lead time of approx-
imately 6.2seconds prior to occurrence. In sev-
eral cross-configuration evaluations, models op-
erate at highly conservative decision thresholds,
achieving near-perfect specificity while failing to
capture a substantial fraction of positive events.
While the slow-milling model achieves the highest
peak Fl-score, the model trained on all configu-
rations provides more stable performance across

heterogeneous operating conditions, highlighting
a trade-off between specialization and robustness.
These results suggest that in heterogeneous envi-
ronments, either configuration-specific models or
a jointly trained model with adaptive thresholding
may be preferable to single-configuration training.

Occlusion importance quantifies how strongly
the model relies on each input channel by mea-
suring the drop in performance (here, PR-AUC)
when that channel is occluded (set to zero) while
all others remain unchanged. A larger PR-AUC
decrease indicates that the removed signal con-
tains information the model heavily depends on
for warning detection. Fig. 6 shows that rotational
speed and vibration in the X/Z axes dominate the
model’s predictive capability in this setting.

Inference latency on our GPU cluster is under
3 ms, which is acceptable given that the prediction
lead time is significantly longer. This makes the
system suitable, as a safety state can be activated
in time.

In its current state, the proposed prediction
model does not demonstrate sufficient accuracy

Channel Occlusion Importance
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Fig. 6.: Occlusion importance for the total model
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Table 2.: Test-split performance comparison with best values per metric highlighted in bold. Inference
latency is reported as mean =+ standard deviation in milliseconds. Confusion matrix entries are shown as

globally normalized percentages.

Experiment PR AUC F1 Threshold Latency (ms) TN (%) FP (%) FN (%) TP (%)
Total milling 0.6095 0.6109 0.7367 1.744 + 0.367 79.55 9.27 2.18 8.99
Small milling ~ 0.8059 0.6750 0.9000 1.770 + 0.332 80.19 8.66 1.05 10.10
Slow milling 0.7599 0.7210 0.5735 2.505 4+ 1.100 82.52 5.13 2.50 9.86
Large milling 0.5911 0.6012 0.1327 1.732 4+ 0.291 81.97 7.44 2.84 7.75
Fast milling 0.6547 0.6239 0.8837 1.816 £+ 0.319 82.25 7.70 2.01 8.05

Table 3.: Cross-configuration performance grouped by training regime. Best values per metric within
each training group are highlighted in bold (higher is better; FPR lower is better). Median lead time is

reported in seconds.

Trained on Evaluated on nges Prec.  Rec. Spec. FPR PR-AUC BestF1 Leadso TP (%) TN (%) FP (%) FN (%)
Large 12 0.112 0.004 0.995 0.005 0.327  0.008 7.37 0.05  86.98 040 12,57

Small 15 0.485 0.325 0.948 0.052 0.501  0.389 6.20 424 8245 4.50 8.81

Fast Fast 59 0.529 0.717 0.914 0.086 0.632  0.609 8.46  80.66 7.54 3.34
Slow 67 0.449 0.546 0.886 0.114 0432 0493 6.79 792 7580 9.71 6.57

Total 126 0.377 0.716 0.821 0.179 0341 0.494 6.62 937 7139 1552 3.72

Large 12 0.545 0.674 0.919 0.081 0.598  0.602 7.59 8.50  80.28 7.10 4.12

Small 15 0.264 0.601 0.748 0.252 0.246  0.367 8.24 784 6507 21.88 5.21

Large Fast 59 0.269 0.893 0.676 0.324 0213 0414 7.66 1054  59.62 2858 1.26
Slow 67 0310 0.961 0.638 0.362 0232 0.469 729 1393 5456 3094 0.56

Total 126 0.290 0.538 0.802 0.198 0242 0.377 723 704 6971 17.20 6.05

Large 12 0.116 0.000 1.000 0.000 0.207  0.001 6.31 0.00  87.35 0.03 12.62

Small 15 0330 0.139 0.958 0.042 0327 0.195 5.11 1.81  83.29 3.66 1124

Slow Fast 59 0.385 0.714 0.847 0.153 0.501  0.500 3.82 8.43 7474 1346 3.37
Slow 67 0.710 0.750 0.948 0.052 0775 0.729 3.68 1087  81.07 4.44 3.63

Total 126 0.464 0.509 0.911 0.089 0532 0.485 5.04 6.66  79.20 771 6.43

Large 12 0.464 0.518 0.914 0.086 0.493  0.490 7.45 6.54  79.84 7.54 6.08

Small 15 0.573 0.819 0.909 0.091 0.768  0.674 4.03 10.68  79.00 7.95 2.37

Small Fast 59 0.001 0.001 0.783 0.217 0.110  0.001 14.35 0.02 69.07 19.13 11.78
Slow 67 0396 0.714 0.816 0.184 0358 0510 691 1034  69.74 1577 4.15

Total 126 0.403 0.566 0.874 0.126 0.371 0.471 6.91 7.41 75.95  10.96 5.69

Large 12 0414 0.231 0.953 0.047 0394 0.296 6.24 291 83.26 4.12 9.71

Small 15 0.400 0.751 0.831 0.169 0.570  0.522 7.20 9.80 7225 1470 3.25

Total Fast 59 0.456 0.543 0913 0.087 0.505  0.496 3.46 6.41 80.55 7.65 5.39
Slow 67 0.543 0.817 0.883 0.117 0.660  0.652 3.02 11.84 7554 9.97 2.65

Total 126 0.522 0.767 0.894 0.106 0.621 0.621 566 10.04  77.70 9.21 3.05

and robustness to be deployed as a safety-critical
component in milling machines. However, it
shows potential as an assistance system. With
further methodological improvements, future it-
erations may achieve the reliability required for
safety-related applications. To certify a machine-
learning-based safety component of machinery in
the European Union, compliance must extend be-
yond traditional machinery safety to encompass
emerging Al-specific regulation and harmonized
standards. We discussed some of these aspects in

[13]. The forthcoming Al Act’s risk-based clas-
sification and extensive conformity assessment
procedures are intended to safeguard health and
safety but currently lack detailed technical guid-
ance, which creates challenges for developers,
particularly SMEs with limited resources. Several
standardization activities are currently underway
to address these challenges. Notably, ISO/IEC
AWI TS 22440 (Functional safety and Al systems)
is being developed to provide requirements, guid-
ance, and examples of application for integrating
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Al into safety-related functions.

7. Outlook

Given the physical danger and cost of gener-
ating real kickback events, synthetic data gen-
eration represents a viable pathway for perfor-
mance enhancement. Generative adversarial net-
works (GANSs) could be trained to generate realis-
tic artificial kickback signatures. This would allow
for the artificial enrichment of the minority kick-
back labels. Moreover, validating the model on
different materials is necessary to examine wether
the learned features are universal to the milling
process or specific to the properties of spruce. Fur-
ther tests are currently being carried out with a dif-
ferent type of wood to extend the available train-
ing data. Furthermore, we will benchmark the cur-
rent CNN-Attention-LSTM architecture against
temporal convolutional networks (TCNs), which
look at the whole history at once using dilated
convolutions.
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