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Abstract
Machine learning models enable automated process monitoring in manufacturing and support adaptive quality assurance 
and predictive maintenance systems. Autoencoders have emerged as a promising approach to unsupervised anomaly detec-
tion in processes. However, their application to turning processes, particularly their generalizability across different pro-
cess variants such as varying machine kinematics, cutting geometries, and process variability, remains largely unexplored. 
Existing studies mainly focus on controlled laboratory environments using single machine tools and standardized param-
eters, limiting industrial scalability. This work addresses this gap by systematically comparing long short-term memory 
(LSTM) and convolutional (CNN) based autoencoders developed in collaboration with two research projects. The models 
are trained and evaluated on two harmonized datasets derived from orthogonal and longitudinal turning processes. The 
datasets differ with respect to machine tools, kinematics, and cutting tools. Each model is trained on both its native process 
data and on the respective other dataset to evaluate cross-domain performance. The results on normalized reconstruction 
errors show that LSTM-based autoencoders yield higher temporal sensitivity, whereas CNN-based autoencoders exhibit 
greater reconstruction stability but reduced sensitivity to transient dynamics. Moreover, relative reconstruction errors are 
additionally evaluated in the original physical force units to improve process interpretability. This analysis reveals larger 
relative deviations for LSTM models due to their heightened sensitivity. Furthermore, the variability of the training data-
set is identified as a key factor influencing out-of-distribution generalization performance. The findings demonstrate the 
generalizability of autoencoder based monitoring approaches across different cutting conditions and provide insights for 
data-driven and grey-box modeling frameworks in manufacturing.
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process understanding and enable more accurate condition 
estimation. Machine learning (ML) techniques have thus 
become key enablers for automated feature extraction and 
decision-making in machining processes [4]. Understanding 
how robustly these models operate across different machine 
tools and tools provides transferable knowledge for a wide 
range of intelligent monitoring concepts, including grey-
box wear modeling frameworks that combine physics-based 
insights with data-driven anomaly detection mechanisms.

In manufacturing processes, ML models effectively 
capture complex relationships from high-dimensional sen-
sor data [4]. Recently, physics-informed approaches have 
emerged that embed domain knowledge directly into neural 

1  Introduction

Machining is a complex process influenced by cutting 
parameters, tool coatings, tool geometry, tool wear, and 
workpiece properties [1–3]. Reliable process monitoring 
is therefore essential to increase productivity, manufactur-
ing quality, and prevent machine breakdowns. However, 
the nonlinear and time-dependent interactions between cut-
ting parameters, tool wear evolution, and dynamic process 
responses (e.g., cutting forces and vibrations) pose signifi-
cant challenges for conventional monitoring approaches 
relying on fixed thresholds or linear models. Consequently, 
data-driven approaches have been developed to improve 
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architectures such as the well-informed network by Stem-
mer et al. [5] or transient wear modeling by Wolf et al. 
[6]. These advances illustrate current progress in intelli-
gent monitoring yet highlight persisting challenges related 
to limited labeled failure data. In addition, several studies 
have specifically addressed the relationship between cutting 
forces and tool wear progression to estimate wear states dur-
ing turning and milling operations [7, 8].

However, online temporal sensor data are typically highly 
imbalanced since tool failure or other abnormal events occur 
only rarely [9]. This imbalance poses major challenges for 
supervised learning approaches that rely on labeled failure 
data and restricts their applicability to continuous industrial 
monitoring. To overcome these constraints, unsupervised 
anomaly detection methods, such as autoencoders, have 
gained increasing attention in recent years [10]. Autoen-
coders consist of two coupled neural networks, the encoder 
e : Rm → Rn followed by the decoder d : Rn → Rm, 
where usually n ≪ m. The smaller space Rn is known as 
latent space that contains a compressed representation of 
the system state learned during training [11]. During train-
ing, the network parameters are optimized by minimizing a 
reconstruction loss that quantifies the deviation between the 
input x ∈ Rm and its reconstruction x̂ = d(e(x)). By mini-
mizing this loss on normal operating data, the autoencoder 
learns a compressed latent representation that captures char-
acteristic patterns of the training data. When applied to new 
data, elevated reconstruction errors reveal deviations from 
these learned patterns and thus serve as indicators of anoma-
lous process behavior.

Previous studies on anomaly detection in machining have 
focused mainly on milling under controlled laboratory con-
ditions. Numerous studies detected tool wear, tool breakage, 
or material defects using ML [12, 13]. Considerably fewer 
investigations address anomaly detection using autoencoder 
architectures [14–16]. Comparable studies for turning oper-
ations are still lacking. Most existing works train their mod-
els under fixed process parameters on a single machine. This 
approach ensures high comparability between experimental 
datasets and enables the targeted analysis of relationships 
between signal features and process states. However, in real 
production environments, a model is required that operates 
reliably regardless of the employed tool types or machines, 
thus exhibiting strong generalizability.

Previous approaches to improving this generalizability 
have mainly focused on parameter variations within a single 
process as a function of process settings [17]. In addition, 
ML methods have been applied to estimate the operating 
state of digitally retrofitted machines [18]. Nevertheless, a 
systematic investigation of cross-domain robustness against 
domain shifts caused by process setups and machine tools 
remains largely absent, particularly for turning processes.

The present study addresses precisely this research gap 
by conducting two experimental series on two different 
lathes, each employing distinct indexable inserts. Further-
more, the two experiments differ in their machining pro-
cess: on the one hand orthogonal turning, and on the other 
longitudinal turning. This corresponds more to an industrial 
environment, where different machine tools with different 
turning processes are used, rather than a laboratory analysis 
with one machine and only one process.

The main contribution of this work is a systematic cross-
domain evaluation of autoencoder-based anomaly detection, 
analyzing the robustness and generalizability of LSTM- and 
CNN-based models across heterogeneous datasets. The 
underlying models and experimental data that originated 
from two independent research projects [19, 20] are com-
bined to establish a structured framework to assess general-
ization across machine tools and cutting tool configurations. 
This enables, for the first time, an experimental quantifica-
tion of model generalizability under realistic process vari-
ability. The findings reveal the relationship between model 
characteristics and anomaly detection performance under 
domain shifts, supporting the design of more robust data-
driven monitoring methods.

2  Methodology

To systematically evaluate the generalizability of ML mod-
els across different machining environments, two experi-
mental series involving orthogonal and longitudinal turning 
were conducted. Each experiment was carried out on a sepa-
rate machine tool using distinct indexable inserts. The auto-
encoder models developed in both projects were retrained 
according to a cross-domain evaluation scheme illustrated 
in Fig. 1. Each model was trained twice, once with its own 
dataset and once with the external dataset provided by the 
project partner. In total, four differently trained models were 
obtained and subsequently tested on both datasets. This 
comparative evaluation makes it possible to analyze how 
each model performs when exposed to data from previ-
ously unseen domains. Differences in machine tool and fix-
ture configurations influence system stiffness and vibration 
behavior, thereby affecting the measured signals. Variations 
in cutting tool condition and geometry modify force signa-
tures and frequency content, particularly in the presence of 
tool wear or tool changes. By incorporating these variations 
across the datasets, the approach separates the influence of 
the training data from that of the model architecture itself, 
enabling a clearer assessment of robustness against varia-
tions induced by different tools and machine tools.
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2.1  Experimental data

Two distinct experimental datasets form the basis for eval-
uating the generalizability of the anomaly detection mod-
els across different machining domains. The first dataset 
originates from orthogonal turning experiments, while 
the second represents external longitudinal turning opera-
tions. Both datasets involve the machining of AISI 304 with 
coated carbide tools but differ with respect to machine tools, 
tool geometries, process kinematics, and experimental plan-
ning. The datasets were generated within two independent 
research projects addressing different aspects of machin-
ing process monitoring and were therefore obtained under 
different experimental conditions. The orthogonal turning 
experiments follow a full factorial design, whereas the lon-
gitudinal turning experiments were conducted using a partial 
factorial design based on technologically relevant parameter 
ranges. Rather than reproducing identical parameter sets, 
the present study investigates whether characteristic sig-
nal patterns of the cutting process can be transferred across 
such variations. Changes in tool condition, for example 
due to progressive tool wear, are known to systematically 
influence cutting forces independent of the exact turning 
configuration [4, 21]. The investigated cutting parameters 
of both experiments lie within comparable technological 
ranges for machining AISI 304 derived from tool manufac-
turer recommendations and process-specific considerations. 
Consequently, additional experiments with identical param-
eter combinations were not required for the intended cross-
domain evaluation. The following subsections therefore 

describe the two experimental setups representing different 
but technologically comparable machining domains.

2.1.1  Orthogonal turning process

In orthogonal turning (OT), the cutting edge is oriented per-
pendicular to the direction of the cutting speed, resulting 
in a two-dimensional cutting condition along a straight cut-
ting edge. In the present configuration, the tool is fed radi-
ally into the rotating workpiece. Thus, the feed motion is 
realized by the radial infeed of the tool, while the cutting 
speed vc is generated by the rotation of the workpiece. To 
ensure a constant cutting speed, the spindle speed was con-
tinuously adjusted according to the actual workpiece diam-
eter. For the investigation of tool wear along the straight 
cutting edge under defined cutting conditions, grooves were 
machined into the workpiece prior to the actual experi-
ments. The remaining bars between the grooves were sub-
sequently removed during the turning tests. This preparation 
ensures a defined width of cut of b = 2 mm, which, in the 
case of external longitudinal turning, corresponds to a cut-
ting depth ap of 2 mm. The engagement of the tool corner 
radius was prevented by a defined lateral positioning of the 
tool relative to the bars, so that only the straight cutting edge 
participated in the cutting process. The removal of one bar 
required approximately 1 s of cutting time (Fig. 2a).

All machining operations were carried out on an Index 
ABC 65 production turning center. Each tool was operated 
for a maximum cutting time of 240 s. This limit was chosen 
because the tools exhibited significantly longer tool lives 
(> 800 s), while 240 s was sufficient to capture the relevant 

Fig. 1  Experimental workflow 
showing training and evaluation of 
autoencoder models across turning 
domains
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process dynamics. During the experiments, the force signals 
were recorded in all three spatial directions using a three-
component dynamometer of type 9129AA (Kistler Instru-
mente AG). The charge signals were conditioned using 
charge amplifiers (type 5011, Kistler) and digitized via an 
A/D module (NI-9239, National Instruments) at a sampling 
rate of 10 kHz. Details of the measurement chain are pro-
vided in [22]. A TiAlN-coated cemented carbide tool of type 
TPUN160304EN manufactured by Ceratizit was used. The 
coating exhibited a thickness of approximately 4µm, deter-
mined by cross-sectional analysis using focused ion beam 
(FIB) preparation. The workpiece material was austenitic 
stainless steel AISI 304 (X5CrNi18-10).

2.1.2  Longitudinal turning process

External longitudinal turning (LT) is a machining process 
involving the removal of material from the outer surface of 
a rotating workpiece using a single-point cutting tool, where 
the cutting tool moves parallel to the workpiece’s axis of 
rotation. The material is removed at a depth of cut ap and a 
cutting speed vc, while the tool moves parallel to the axis of 
rotation at a feed rate f (see Fig. 2b). The experiments con-
ducted comprised repeated, time-controlled cutting inter-
vals of 30 s. After each interval, the machined surface and 
tool wear were measured. During machining, force signals 
were recorded in three spatial directions.

For each cutting edge, the cutting intervals were repeated 
under identical cutting parameters until a predefined tool life 
criterion was reached, defined as a maximum flank wear of 
VBmax = 200µm. If tool failure or unsuitable chip forma-
tion, such as excessive chip length, segmentation, or irregu-
lar chip breakage associated with process instabilities and 
fluctuating cutting forces, occurred before this wear limit 
was reached, the experiment was terminated prematurely.

The experimental matrix included variations in depth of 
cut, cutting speed, and feed rate (see Table 1). A cemented 
carbide insert (CNMG160608-MM5, Walter AG) with a 

Table 1  Process parameters and force component definitions for 
orthogonal and longitudinal turning
Parameter Unit Orthogonal 

turning (OT)
Longitudinal 
turning (LT)

feed rate f mm 0.1, 0.2 0.15, 0.25, 0.35
Cutting speed vc m/min 155, 205, 255 130, 170, 210, 

250, 290
Cutting depth ap mm 2 1.2, 1.6
Feed force Ff N

Fx Fx

Passive force Fp N
Fz Fy

Cutting force Fc N Fy Fz

Sampling rate kHz 10 51.2
Termination 
criterion

– 240 s cutting 
time

VBmax = 
200 µm

Fig. 2  Comparison between orthogonal and longitudinal turning 
process
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custom TiAlN coating was used as the cutting tool. The 
coating, which had a thickness of around 3.5µm, was 
applied using physical vapour deposition (PVD). The work-
piece material was AISI 304 (X5CrNi18-10) in the form of 
a shaft with an initial diameter of 150 mm and a usable cut-
ting length of 500 mm fixed on the Max Mueller Gildemeis-
ter MD5S CNC lathe. The shaft was flattened to a depth of 
4.5 mm on one side to enable the temperature of the rake 
face to be measured once per rotation. Cutting forces were 
measured using a three-component piezoelectric dynamom-
eter (Type 9257B, Kistler Instrumente GmbH) mounted 
between the tool holder and the machine turret. The dyna-
mometer was integrated via a dedicated adapter platform 
that preserves turret rotation. A detailed description of the 
mechanical integration, sensor fixation, experimental setup, 
materials, and data synchronization is provided by Schibs-
dat et al. in [20].

2.1.3  Joint data pre-processing

Since the datasets originate from different turning pro-
cesses, they need to be preprocessed to enable a direct com-
parison. The raw data from the orthogonal and longitudinal 
turning experiments differ in several aspects, as summarized 
in Table  1. In ideal two-dimensional orthogonal cutting, 
there is no passive force component. However, for consis-
tency and comparability with longitudinal turning, the force 
component perpendicular to the cutting and feed forces is 
referred to as the passive force Fp in the present study. The 
force signals were recorded by dynamometers along the 
three spatial directions x, y, and z. However, for analysis 
purposes, the relevant force components are the cutting 
force, feed force, and passive force. Since the orientation of 
the measured force components differs between setups, all 
coordinate systems were aligned so that equivalent physi-
cal directions, namely cutting, feed, and passive, could be 
directly compared across datasets.

The force signals were acquired at different sampling 
rates (51.2 kHz and 10 kHz). This discrepancy could lead 
to deviations during cross-domain evaluation if an auto-
encoder trained on high-rate data expects slightly different 
temporal dynamics than one trained on lower-rate data. To 
eliminate this effect, all signals were resampled to a com-
mon rate of 10 kHz. Signals with higher sampling frequency 
were first processed using a low-pass filter removing fre-
quencies above 5 kHz; subsequently, downsampling was 
performed to 10.24 kHz. As the proposed approach focuses 
on detecting deviations from learned normal patterns, which 
are primarily governed by the dominant (lower- to mid-fre-
quency) components of the signal, any residual attenuation 
of high-frequency content is not expected to significantly 
affect model performance. The remaining difference of 

approximately 2.4% between datasets is negligible and 
ensures comparable temporal resolution for all subsequent 
analyses. The nomenclature and definition of the force com-
ponents are based on DIN 6580 [23].

2.2  Autoencoder models

Two different autoencoder architectures were implemented 
to capture the complex relationships within the sensor data 
and to evaluate their respective robustness under vary-
ing machining conditions. Both models aim to accurately 
reconstruct normal cutting conditions but differ in their 
mechanisms for handling temporal dependencies. Their 
architectures, training procedures, and anomaly-detection 
approaches are described in the following subsections to 
ensure comparability between the models.

2.2.1  Long short-term memory autoencoder

The sensor data consist of temporally recorded cutting 
force signals obtained during orthogonal turning opera-
tions. Since anomaly assessment requires consideration of 
temporal dependencies, a recurrent neural network architec-
ture based on long short-term memory (LSTM) units was 
employed [19]. The recurrent structure enables the model 
to retain information from past time steps and thus capture 
characteristic temporal patterns related to tool wear or pro-
cess instability. The objective was to design a lightweight 
and efficiently trainable model that provides stable recon-
struction performance while maintaining low complexity. 
The final architecture is presented in Table  2. The hyper-
parameters were manually tuned based on empirical test-
ing summarized in Table 2. The LSTM autoencoders were 
implemented using the PyTorch library [24].

2.2.2  Convolutional autoencoder

In industrial applications, one-dimensional convolutional 
neural networks (1D CNNs) essentially enable the direct 
use of time-series sensor data from manufacturing processes 
without requiring transformation. 1D fully CNN autoencod-
ers not only still keep the temporal and channel dependen-
cies without frequency transformation but also have lower 
computation complexity [25]. The final configuration of the 
CNN autoencoders, obtained from force data with an input 
dimension of [1024, 3] based on all the experimental tests, 
consisted of two convolutional layers with kernel sizes of 
[35, 27] and filter numbers of [56, 52], along with one aver-
age pooling layer of window size 2. This architecture dem-
onstrated the most effective reconstruction performance, 
indicating a balanced trade-off between model complexity 
and signal resolution. The model structure in Table 2 was 
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used to develop fully convolutional autoencoder models 
under different experiments [20]. The hyperparameters 
and training setup of the CNN autoencoders are shown in 
Table 2. The resulting models form the basis for the sub-
sequent cross-domain evaluation to assess their robustness 
under domain shift conditions. The CNN autoencoders were 
implemented using the TensorFlow library [26].

2.2.3  Model training

Each autoencoder architecture was trained twice accord-
ing to the cross-domain evaluation scheme. One training 
run used its own dataset, while the second used the exter-
nal dataset provided by the project partner. This procedure 
ensured identical training conditions across both domains 
and enabled a direct assessment of model robustness inde-
pendent of architectural differences. As a result, four models 
were obtained that were later evaluated under domain shift 
conditions. Different training configurations were selected 
for the LSTM- and CNN-based autoencoders to ensure 
stable and effective model convergence. The reconstruction 
loss function differs between both architectures (Table 2). 

The LSTM-based autoencoders are trained using the mean 
absolute error (MAE) loss, computed over all time steps 
and all three input force channels. For an input sequence 
x ∈ Rn×3 and its reconstruction x̂ ∈ Rn×3, the training 
objective is defined as:

MAE(x, x̂) = 1
3n

3∑
c=1

n∑
i=1

|xi,c − x̂i,c| ,� (1)

where n denotes the number of time samples and c = 1, 2, 3 
indexes the three force-signal channels. It provides stable 
convergence and is less sensitive to local outliers in time-
series data. In contrast, the CNN-based autoencoder was 
trained using mean squared error (MSE)

MSE(x, x̂) = 1
3n

3∑
c=1

n∑
i=1

(xi,c − x̂i,c)2
,� (2)

which emphasizes larger deviations and therefore increases 
the penalization of pronounced reconstruction mismatches. 
These differences originate from the independent develop-
ment of both autoencoder models [19, 20].

For the OT dataset, 2,059,911 samples were used for 
training, 285,738 for validation, and 286,885 for testing. For 
the LT dataset, 3,932,158 samples were used for training, 
491,522 for validation, and 548,022 for testing. The cutting 
parameters for this data setup are described in Table 1. The 
data for the cross-domain evaluation were not part of the 
training data setup.

The training of the models followed identical training 
procedures. A maximum number of 500 epochs with early 
stopping with a patience of 20 epochs and a learning rate 
reduction strategy (reduction factor = 0.7, patience = 5, 
ϵ = 10−4, min. learning rate = 10−4) was employed. The 
best model in the training process was saved for the test 
dataset.

During machining, the cutting forces were recorded in 
all three spatial directions for both OT and LT. Due to the 
process kinematics, the passive force Fp component in 
orthogonal turning is close to zero, and the measured sig-
nal in this direction mainly reflects structural vibrations of 
the machine–tool system rather than the cutting process 
itself. In contrast, longitudinal turning exhibits a consider-
ably higher passive force level with comparatively smaller 
relative fluctuations. Including the passive force component 
in the autoencoder input would therefore introduce a sys-
tematic bias between both datasets after normalization. For 
OT, the model would learn comparatively strong relative 
fluctuations around a force level close to zero, whereas for 
LT it would learn a higher absolute force level with smaller 

Table 2  Architecture and training configuration of LSTM and CNN 
autoencoders
Component LSTM 

autoencoder
CNN autoencoder

Encoder architecture
   Input shape (x, 3) shape (1024, 3)
   Layer 1 LSTM, output 

(x, 64)
Conv1d (56), output 
(990, 56)

   Layer 2 – Conv1d (52), output 
(964, 52)

   Pooling – AvgPool1d (2), 
output (482, 52)

   Latent space output (x, 32) Conv1d (2), output 
(482, 2)

Decoder architecture
   Layer 1 LSTM, output 

(x, 64)
ConvTranspose1d 
(52), output (482, 52)

   Upsampling – output (964, 52)
   Layer 2 – ConvTranspose1d 

(56), output (990, 56)
   Output output (x, 3) ConvTranspose1d 

(3), output (1024, 3)
Training configuration
   Optimizer Adam AdamW
   Learning rate 0.001 0.001
   Batch size 1 64
   Loss function MAE MSE
   Activation function tanh Leaky ReLU
   Weight initialization Xavier uniform Xavier uniform
   Normalization Z-score Z-score
   Maximum epochs 500 500
   Early stopping 20 epochs 20 epochs
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relative variations. This difference could distort the recon-
struction behavior of the autoencoder and affect the cross-
domain evaluation. To avoid such bias related to the passive 
force component, the anomaly detection analysis was per-
formed using only the active force components, namely 
the cutting force Fc and the feed force Ff , which directly 
represent the chip formation process and provide the most 
relevant information about the cutting dynamics.

2.2.4  Cross-domain evaluation of anomaly detection 
models

The cross-domain evaluation methodology provides a sys-
tematic assessment of the responses of autoencoder architec-
tures to data originating from different machining domains. 
The anomaly detection is based on the reconstruction error 
between the input and reconstructed signals, which quanti-
fies deviations from the learned normal cutting conditions. 
Elevated reconstruction errors therefore indicate potential 
anomalies in the process behavior. For each model, recon-
struction errors are computed for both its own dataset and 
the external dataset. This procedure enables a direct com-
parison of model responses under domain-shift conditions 
without retraining. The analysis focuses on identifying how 
training data origin, model architecture, and the inherent 
characteristics of the applied datasets influence anomaly 
sensitivity and robustness.

Although the experimental parameter sets for OT and LT 
differ, the investigated cutting speeds, feed rates, and depths 
of cut lie within a comparable technological parameter 
space. The number of investigated parameter combinations 
also differs between the datasets (six for OT and nine for LT) 
due to the independent experimental designs. Consequently, 
no major differences in the model response are expected 
solely due to the selected cutting parameters, as the fun-
damental relationships between tool condition and cutting 
forces remain similar for both turning processes. Further-
more, the input signals are normalized prior to model train-
ing and evaluation, which reduces the influence of absolute 
force magnitudes and emphasizes characteristic temporal 
signal patterns. This enables a meaningful comparison of 
model behavior across the two machining domains.

The datasets exhibit different temporal characteristics 
in their force signals. For the investigation, the trained 
models are applied to both domains and their reconstruc-
tion errors are compared to assess sensitivity under vary-
ing process conditions. Anomaly detection is performed by 
defining a threshold above a specified quantile of the recon-
struction error distribution. This quantile-based approach 
enables consistent evaluation across models and provides 
a comparison independent of absolute error magnitudes or 
model-specific scaling effects. Such threshold definitions 

are commonly applied in unsupervised anomaly detection 
when no labeled failure data are available and the distribu-
tion of anomalous events is unknown [27]. In the present 
study, a high quantile was selected in order to isolate only 
rare deviations from the learned normal behavior.

To further reduce the influence of isolated noise peaks 
or short transient fluctuations, consecutive samples exceed-
ing the threshold are grouped into anomaly events. Values 
separated by gaps of less than 50 samples (corresponding to 
0.05 s) are treated as belonging to the same anomaly. This 
procedure prevents individual outliers from being inter-
preted as independent anomalies and improves the robust-
ness of the detection results.

3  Results and discussion

This section presents the results of the cross-domain evalu-
ation and discusses the performance of both autoencoder 
architectures regarding reconstruction accuracy and anom-
aly-detection capability. The analyses include a compari-
son of raw process data, training behavior, and detection 
results to assess model robustness and generalization across 
machining domains. Independent of the training loss func-
tion (MAE or MSE), the reconstruction error is evaluated 
using MSE.

3.1  Raw-data comparison

Machine learning models capture specific correlations pres-
ent within the training data. Correlations that do not exist 
in the data cannot be learned by the model. Due to the dif-
ferences between the two datasets analyzed in this study, 
the underlying process behavior is examined to assess its 
potential influence on model performance.

Tables 3 and 4 summarize the statistical characteristics 
derived from the training datasets for each variation of 
the process parameters. For every experiment, the values 
were calculated over a reference segment of 0.5 seconds 

Table 3  Relative composition of cutting forces for both turning pro-
cesses
Process Fc [%] Ff  [%] Fp [%]

OT 65.96 ± 4.27 32.70 ± 4.06 1.33 ± 0.26
LT 54.64 ± 2.61 26.98 ± 2.06 18.38 ± 1.76

Table 4  Average standard deviation of cutting forces across all experi-
ments

Average standard deviation [N]
 Process Fc [N] Ff  [N] Fp [N]

OT 8.91 ± 2.85 6.99 ± 2.18 2.27 ± 0.69
LT 49.66 ± 28.84 50.73 ± 23.57 36.68 ± 31.74
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corresponding to approximately 5000 samples at a sam-
pling rate of 10 kHz. This interval represents stable cutting 
conditions and ensures comparability across all parameter 
settings. Table 3 presents the average percentage contribu-
tion of each force component to the total resultant cutting 
force Ftotal = Fc + Ff  + Fp across all process parameters. 
The most pronounced difference between both processes is 
observed in the passive force component, which is consid-
erably higher for longitudinal turning due to the inherent 
characteristics of this machining operation.

The standard deviations of the measured force compo-
nents listed in Table  4 show significantly higher variabil-
ity in the force signals for LT than for OT. The increased 
variability indicates differences in the structural–dynamic 
behavior of the respective machine tool systems. In par-
ticular, deviations in structural stiffness and damping char-
acteristics of the tool holders may influence the dynamic 
excitability of the system and thereby affect cutting-force 
stability [28].

As illustrated in Fig. 3, the temporal evolution of the cut-
ting force signals is analyzed for the cross-domain evalua-
tion process. In the context of LT, pronounced fluctuations 
in force are observed throughout the duration of the process, 
aligning with the higher standard deviations documented in 
Table 4. Over the machining period of approximately 140 
seconds, a gradual escalation in cutting force amplitude 
is evident, indicative of progressive tool wear. There are 
hardly any obvious anomalies in the force curve. At the end 
of the experimental phase, a maximum flank wear VBmax 
of 257µm was measured.

In contrast, in the context of OT, several localized anoma-
lies emerge along the process sequence, signifying transient 
disturbances. The detected anomalies correspond to distinct 
local peaks in the cutting force signals visible in the raw 
data. Tool wear can largely be excluded as the primary cause 
of these events, since the overall flank wear progression 
remained low during the experiment and no abrupt changes 
in wear state were observed in the corresponding time inter-
vals. The final measured flank wear reached only VBmax of 
91µm, indicating comparatively mild wear conditions.

Austenitic stainless steels such as AISI 304 are known 
to exhibit unstable chip formation and the occurrence of 
irregular chip breakage or entangled chips, which can tem-
porarily alter the contact conditions between tool, chip and 
workpiece [29]. In the present experiments, continuous chip 
formation without regular chip breakage was observed. 
Such long chips can promote chip entanglement or irregular 
chip flow, which may temporarily disturb tool–chip contact 
conditions. These transient disturbances can lead to short-
term force peaks which appear as anomalies.

3.2  Training results

The training of all models shows stable convergence result-
ing in low reconstruction errors. Table 5 displays the aver-
age final loss values for the training, validation and test 
datasets. The LSTM autoencoder achieves a lower loss 
than the CNN architecture. Such architecture-dependent 
performance differences have also been observed in recent 
large-scale benchmarking studies on reconstruction-based 

Fig. 3  Cutting forces Fc in 
orthogonal turning (OT) and lon-
gitudinal turning (LT). The upper 
graph shows the global force signal 
and its averaged representation, 
while the lower graph highlights a 
magnified segment to illustrate the 
local signal
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time-series anomaly detection [30]. This can be attributed to 
its ability to capture temporal dependencies within the force 
signals more effectively through recurrent structures than 
convolutional filters [30, 31]. In contrast, the higher archi-
tectural complexity of the CNN may have led to a slower 
convergence rate. This observation is supported by the fact 
that the LSTM-based autoencoder was trained using MAE 
as loss function and still achieved more stable convergence 
than the CNN-based model trained with MSE. Typically, the 
use of MSE tends to accelerate convergence due to its stron-
ger penalization of large deviations. Therefore, the superior 
stability observed for the LSTM model trained with MAE is 
particularly noteworthy [32].

Nevertheless, both models demonstrate successful train-
ing and accurate data reconstruction. In relation to the pro-
cess data, both architectures yield reduced losses when 
trained on OT in comparison to LT. Although LT shows no 
obvious anomalies, it exhibits a wider natural spread in force 
magnitudes. Normalization reduces the influence of global 
variations in the signal amplitude but does not remove local 
temporal dynamics. This suggests that the local fluctuations 
in LT sensor data are more difficult to predict and recon-
struct, whereas OT data contain distinct anomalies but oth-
erwise present lower variability in normal operation, which 
likely facilitates the learning of consistent patterns and 
results in smaller loss values.

3.3  Orthogonal turning data analysis and anomaly 
detection

The reconstruction error is fundamental to the identifica-
tion of anomalies. Consequently, its statistical behavior 
offers insight into the model’s sensitivity and robustness 
prior to detailed detection analysis. For this purpose, an 
independent OT dataset was used, obtained from measure-
ments at a cutting speed of vc = 205m/min and a feed rate 

of f = 0.2 mm. This dataset is independent of the training, 
validation and test datasets.

As demonstrated in Table 6, the CNN architecture dem-
onstrates larger mean reconstruction errors with respect to 
the training data in comparison to the LSTM models. The 
elevated error levels can be related to the higher training 
loss observed for CNNs, suggesting less effective learning 
of stable signal patterns during model training.

With respect to the influence of the training dataset, mod-
els trained on LT data show increased sensitivity, reflected 
by higher maximum reconstruction errors and larger stan-
dard deviations compared with those trained on OT data (see 
Table 6). The elevated error levels indicate that the greater 
variability and dynamic behavior present in the LT training 
signals make it more difficult for these models to general-
ize to the comparatively stable OT process. Although both 
LSTM models achieve smaller mean values, but the higher 
standard deviation and maximum error indicate that the 
LSTM-based autoencoder reconstructs most samples accu-
rately but suffer from occasional large reconstruction errors 
on anomalies. In contrast, the CNN OT model provides 
more stable reconstruction performance with fewer extreme 
outliers, despite a slightly higher average error.

The anomaly detection analysis is predicated on the 
active force components, Fc and Ff . These components 
dominantly represent the process dynamics and tool condi-
tion. For multivariate signals, the per-sample MSE at time 
index t is defined as

MSE(t) = 1
K

K∑
k=1

(xk(t) − x̂k(t))2
,� (3)

where K =2 is the number of the input channels of cut-
ting and feed forces. Anomalies are identified through the 
implementation of a threshold at the 99.5th percentile of 
the reconstruction error distribution shown in Fig. 4. This 
quantile-based approach is adaptable to individual model 
characteristics and reliably separates abnormal from nor-
mal process behavior. Consecutive values that exceed this 
threshold, with a maximum gap of 50 values (0.05 seconds) 
between them, are grouped into single anomaly events for 
the purpose of comparison across datasets.

Table 5  Average final loss values on training, validation and test datasets
Training Validation Test

 Model Dataset MAE MSE MAE MSE MAE MSE
LSTM OT 0.0035 0.0015 0.0087 0.0035 0.0058 0.0009
LSTM LT 0.0141 0.0013 0.0125 0.0007 0.0124 0.0006
CNN OT 0.0623 0.0075 0.0819 0.0156 0.0822 0.0140
CNN LT 0.2189 0.0846 0.2155 0.0808 0.2196 0.0829

Table 6  Comparison of the reconstruction error of all models on the 
orthogonal turning (OT) dataset, with the parameters vc = 205 m/min 
and f = 0.2 mm
Model Mean Standard deviation Maximum error
LSTM OT 0.0053 0.2035 41.21
LSTM LT 0.0816 1.0276 75.55
CNN OT 0.0217 0.0696 12.65
CNN LT 0.1694 0.7349 43.35
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The comparison is summarized in Table 7. A high degree 
of agreement is observed within each architecture type. 
This consistency is particularly pronounced for the LSTM 
models, where all anomalies detected by the LT model were 
also found by the OT model. The CNN architecture shows 
still a considerable overlap of approximately 65%. In con-
trast, cross-domain comparisons between LSTM and CNN 
architectures reveal only few common anomalies, indicat-
ing that network architecture influences what is classified as 
anomalous behavior. Regarding training data, both models 
trained on the LT data respond with fewer distinct anomaly 
events overall. This may be related to the higher dynamic 
variability within the LT dataset, although it contains no 
clearly defined failures or breakages. Consequently, smaller 

variations are likely interpreted as normal process behavior 
rather than as anomalies.

Overall, the analysis demonstrates that model archi-
tecture and training data domain both significantly affect 
reconstruction accuracy and anomaly sensitivity on OT data 
[30, 33].

The detected anomalies in the reconstruction error occur 
at the same time instances where pronounced increases in 
the cutting forces can be observed in the raw signal (see 
Fig. 3). This indicates that the anomalies correspond to real 
fluctuations in the measured force signals rather than being 
purely artifacts of the reconstruction model. However, the 
models differ in their sensitivity with respect to which force 
increases are classified as anomalous. A direct assignment 

Table 7  Comparison of detected anomaly events between all models on the orthogonal turning (OT) dataset, with the parameters vc = 205 m/min 
and f = 0.2 mm
Model Model Groups Groups Matching Matching Average
A B A B A B [%]
CNN OT CNN LT 479 86 62 (13 %) 56 (65 %) 39
CNN OT LSTM OT 479 189 19 (4 %) 19 (10 %) 7
CNN OT LSTM LT 479 103 13 (3 %) 14 (14 %) 8
CNN LT LSTM OT 86 189 4 (5 %) 2 (1 %) 3
CNN LT LSTM LT 86 103 1 (1 %) 1 (1 %) 1
LSTM LT LSTM OT 103 189 103 (100 %) 101 (53 %) 77

Fig. 4  Mean squared reconstruction errors (MSE) of autoencoders on normalized orthogonal turning data (orange); anomalies during the process 
(red)
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of the detected anomalies to specific physical events in the 
cutting process is not possible within the scope of the pres-
ent experiments, since no additional process monitoring 
such as high-speed imaging or vibration measurements was 
performed. Consequently, the anomaly detection approach 
should primarily be interpreted as an indicator of unusual 
process behavior rather than as a direct identification of spe-
cific physical mechanisms. Future studies could extend this 
approach by combining anomaly detection with additional 
process observations in order to distinguish between nor-
mal process fluctuations and critical events, such as unstable 
chip behavior or tool failure.

3.4  Longitudinal turning data analysis and anomaly 
detection

As summarized in Table 8, the CNN architectures exhibit 
larger mean reconstruction errors and higher standard devi-
ations compared with the LSTM models. This trend is con-
sistent with the results obtained for orthogonal turning. This 
suggests that, for the investigated force signals, the imple-
mented convolutional autoencoder architecture provides 
lower predictive capability than the LSTM-based approach. 
In contrast, both LSTM models achieve smaller mean val-
ues and lower variability of reconstruction errors, demon-
strating greater robustness under these conditions.

Regarding the influence of the training dataset, models 
trained on the OT data show increased sensitivity, reflected 
by higher maximum reconstruction errors and larger stan-
dard deviations compared with those trained on the LT data. 
The CNN model trained on the OT data yields the high-
est overall reconstruction error, suggesting that the stronger 
dynamic variations present in the LT signals can be better 
reconstructed once they have been learned during training.

Figure  5 illustrates the distribution of reconstruction 
errors for all autoencoder models applied to the LT dataset 
across both active force components (Fc and Ff ) together 

Table 8  Comparison of the reconstruction error of all models on the 
longitudinal turning (LT) dataset, with the parameters ap = 1.6 mm, 
vc = 210 m min and f = 0.25 mm
Model Mean Standard deviation Maximum error
LSTM OT 0.0154 0.0701 9.28
LSTM LT 0.0007 0.0159 7.54
CNN OT 0.4165 0.4863 14.33
CNN LT 0.0929 0.1027 2.58

Fig. 5  Mean squared reconstruction errors (MSE) of autoencoders on normalized longitudinal turning data (blue); anomalies during the process 
(red)
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with the corresponding 99.5th percentile thresholds for each 
model.

Due to the absence of clearly separated anomalies in 
this dataset, an anomaly-detection procedure as conducted 
in the previous section is not meaningful here. Therefore, a 
qualitative analysis of the reconstruction-error progression 
was performed. The results reveal four distinct peaks in the 
LSTM models’ reconstruction error that occur at regular 
intervals. These peaks correspond to run-in behavior when 
the tool begins chip formation and cutting forces gradu-
ally increase. In this case, the run-in behavior was not fully 
filtered out during preprocessing, and both autoencoders 
correctly identified these regions as deviations from their 
learned steady-state patterns. Although these transients are 
part of normal process behavior, they appear as anomalies 
within the learned representation. Comparing the results 
of both models reveals that the two LSTM autoencoders 
detect four major peaks in the reconstruction error. When 
trained on the LT dataset, these peaks show a stronger con-
trast between background noise and peak amplitude. The 
model trained on the OT data additionally exhibits two 
smaller peaks at approximately 83 s and 125 s, whereas the 
LT-trained model only reproduces the latter peak. The CNN 
autoencoder presents a distinctly different behavior. When 
trained on the OT data, it successfully recognizes the first 
two run-in phases while interpreting the subsequent ones 
as part of normal operation. Moreover, the smaller peaks 
observed in the LSTM models do not appear here. When 
trained directly on the LT data, no distinct peaks are visible 
at all, indicating that this model has learned to reproduce 
process behavior very consistently and with minimal sensi-
tivity to transient fluctuations.

To summarize, an analysis of the LT dataset reveals 
that the CNN autoencoder demonstrates reduced sensitiv-
ity to process variations. The model also tends to interpret 
unusual but recurring behavior from its training data as 
part of normal patterns. In contrast, the LSTM architecture 
responds more strongly to such deviations and is therefore 
more likely to classify them as anomalies. Such architec-
tural trade-offs between sensitivity and stability have also 
been reported in broader comparative studies of reconstruc-
tion-based models [30].

3.5  Relative reconstruction errors

The axes of the datasets have different average values 
and ranges. Since model training, threshold definition, 
and cross-domain evaluation were performed on normal-
ized signals, the reconstruction performance was primarily 
evaluated using the mean squared error (MSE) computed 
on standardized data to ensure comparability across data-
sets with different force magnitudes. However, evaluating 

the error exclusively in normalized space does not directly 
reflect the magnitude of deviations in physical units and may 
therefore limit the interpretability of the detected anomalies 
with respect to actual process behavior. Therefore, the final 
model performance for detected anomalies is additionally 
assessed using the relative reconstruction error, defined as

RE(t) =∥Ftrue(t) − Frecon(t)∥
∥Ftrue(t)∥

× 100%

F(t) =
[

Fc(t)
Ff (t)

] � (4)

on the resultant force of Fc and Ff  in the original physical 
units. This complementary evaluation allows distinguishing 
genuine process-related deviations from model- or normal-
ization-induced artifacts [34].

The peaks shown in Fig. 6 suggest higher data irregular-
ity of the OT dataset. The consistency of the peak locations 
with Fig. 4 confirms that the detected deviations correspond 
to clear local anomalies in the OT data as illustrated in Sec-
tion 3.1. The relative error of the LSTM models reduces the 
prominence of peak locations in the two periods of stable 
and lower dominant cutting force from 40 s to 60 s and from 
100 s to 140 s. The CNN models still detect these anomalies 
as in Fig. 4a with lower overall relative error.

On the other hand, Fig. 7 shows the relative error of the 
models on the LT data. The four prominent outliers are con-
sistent with the peaks observed in Fig. 5b, confirming that 
these deviations are not artifacts of normalization. When 
comparing Figs. 5d and 7d, it becomes evident that the rela-
tive error highlights transient deviations across all models, 
whereas the MSE of the CNN models enables a clearer 
differentiation between background fluctuations and pro-
nounced anomalies.

In contrast to the MSE-based evaluation, the relative 
reconstruction error reduces overall magnitude differences 
between models but does not eliminate domain-specific 
effects. For the OT dataset, the influence of the training 
domain remains clearly observable, whereas for the LT data-
set, architectural characteristics become more dominant. 
This indicates that normalization-related scaling effects are 
reduced, while inherent differences in data structure and 
model dynamics remain decisive.

3.6  Implications for cross-domain generalization

The comparison between the LT and OT datasets (Tables 6 
and  8) reveals a consistent pattern across both evaluation 
metrics. Regardless of whether the reconstruction error is 
assessed in the normalized space using MSE or by means 
of the relative error, each model achieves lower errors when 
evaluated on the same domain on which it was trained.
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The MSE reflects deviations in the standardized feature 
space and therefore depends on the statistical properties 
learned during training. In contrast, the relative reconstruc-
tion error normalizes the deviation by the magnitude of the 
true force vector, reducing the influence of scale differences 
between components and preventing a single force compo-
nent from dominating the overall error. This enables a more 
balanced comparison of reconstruction performance across 
datasets.

Domain-specific effects remain clearly visible in both 
metrics. In particular, for the OT dataset, the influence of the 
training domain is consistently observable, indicating that 
the reduced cross-domain performance cannot be attributed 
solely to normalization effects, but rather to structural dif-
ferences in signal dynamics and variability between OT and 
LT processes.

These findings highlight a fundamental limitation of 
reconstruction-based anomaly detection models: they 
implicitly assume stationarity of the underlying data distri-
bution. When the operational domain changes, the learned 
representation no longer fully captures the new process 
characteristics. Consequently, successful industrial deploy-
ment requires training data that adequately represent the 
variability of the intended application domain [35, 36].

4  Conclusion

Regarding real-world implementation, the proposed method 
is well-suited for integration into process monitoring sys-
tems, as it relies on continuously acquired force sensor sig-
nals and performs unsupervised anomaly detection without 

Fig. 6  Relative reconstruction errors of autoencoders on orthogonal turning data (lightsalmon); anomalies during the process (red)
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requiring labeled fault data. The demonstrated cross-domain 
generalizability across different machine tools and cutting 
conditions indicates applicability in flexible production 
environments. This study systematically investigated the 
generalizability and robustness of LSTM- and CNN-based 
autoencoders for unsupervised anomaly detection in turn-
ing processes. Two fundamentally different machining 
domains, orthogonal turning and longitudinal turning, were 
analyzed using harmonized datasets to isolate the influence 
of machine kinematics, tool geometry, and process variabil-
ity on model performance. In addition to the conventional 
MSE-based evaluation on normalized data, the reconstruc-
tion performance was further assessed using a relative error 
metric in original units to ensure a component-balanced 
and scale-robust comparison across domains. By training 
each model architecture on the two datasets, cross-domain 

evaluation enabled a direct assessment of out-of-distribu-
tion generalization. The main findings of this work can be 
summarized as follows: 

1.	 Architecture sensitivity: The LSTM autoencoders 
show higher sensitivity to transient signal deviations 
and are therefore better suited to detect subtle anoma-
lies and process instabilities, in the normalized data. This 
increased sensitivity, however, also makes LSTMs more 
prone to false alarms in an unsupervised setting, where 
rare but valid signal variations may be misinterpreted as 
anomalies. The CNN autoencoders, in contrast, could 
prevent false alarms in noisy environments by smooth-
ing out short-term fluctuations, and interpret recurring 
transients as normal behavior. Based on the relative 
reconstruction error, evaluated in the original physical 

Fig. 7  Relative reconstruction errors of autoencoders on longitudinal turning data (lightblue); anomalies during the process (red)
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force units, the CNN models provide more stable peak 
reconstruction and lower overall reconstruction errors, 
indicating superior robustness in signal reconstruction.

2.	 Influence of training data domain: Models trained on 
dynamic datasets (longitudinal turning) exhibit higher 
reconstruction errors when applied to more stable pro-
cesses (orthogonal turning). In contrast, models trained 
on smoother data struggle to adapt to increased variabil-
ity. This behavior was consistently observed for both the 
MSE in normalized space and the relative reconstruc-
tion error, indicating that the reduced cross-domain per-
formance cannot be attributed solely to scaling effects 
but reflects genuine structural differences between the 
machining domains.

3.	 Generalizability: The recurrent structure of LSTM net-
works enables improved generalization across machine 
tools and cutting geometries because temporal depen-
dencies are preserved more effectively than with con-
volutional filters. In contrast, the CNN autoencoders 
provide stronger robustness to variability. Training on a 
sufficiently diverse dataset is more important than focus-
ing on a specific model or architecture to achieve high 
generalizability, as needed for an industrial environment.

While the experimental setup reflects relevant variations in 
machining conditions, a full validation under production-
scale industrial environments has not yet been performed, 
and is therefore identified as an important subject for future 
work. Nevertheless, the considered variations in machine 
tools, cutting conditions, and process kinematics provide 
a representative basis for assessing cross-domain robust-
ness and underline the practical relevance of the presented 
approach. Further studies can extend the cross-domain 
evaluation to a larger variety of machine tools, tool types, 
and materials to validate model scalability under realis-
tic production variability. Moreover, long-term stability 
and robustness against signal drift must be evaluated over 
extended production periods. Such investigations could 
provide insights for industrial anomaly detection as well 
as for other machine learning and grey-box approaches in 
manufacturing.
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