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A B S T R A C T

Metal cutting processes contribute significant share of the added value of industrial products. The need for
machining has grown exponentially with increasing demands for quality and accuracy, and despite of more
than a century of research in the field, there are no reliable and accurate models that describe all the
physical phenomena needed to optimize the machining processes. The scientific community has begun to
explore hybrid methods instead of expanding the capabilities of individual modelling schemes, which has been
more efficient than efficacious direction. Following this trend, we propose a hybrid finite element — machine
learning method (FEML) for modelling metal cutting. The advantages of the FEML method are reduced need
for experimental data, reduced computational time and improved prediction accuracy. This paper describes
the FEML model, which uses a Coupled Eulerian Lagrangian (CEL) formulation and deep neural networks
(DNN) from the TensorFlow Python library. The machining experiments include forces, chip morphology and
surface roughness. The experimental data was divided into training dataset and validation dataset to confirm
the model predictions outside the experimental data range. The hybrid FEML model outperformed the DNN
and FEM models independently, by reducing the computational time, improving the average prediction error
from 23% to 13% and reduced the need for experimental data by half.
1. Introduction

Sustainable and cost-efficient production requires optimization of
the individual processes. A comprehensive understanding of the pro-
cess physics and the effects of the process parameters on the outputs
are prerequisites for the optimization. The process outputs in metal
cutting, such as forces, chip formation, heat, and surface roughness,
have non-linear behaviour as a function of process control parameters,
like cutting speed, feed, and depth of cut. Furthermore, the underlying
physics of metal cutting involves complex material behaviour where the
properties change as a function of strain, strain rate and temperature.
Due to that complexity, analytical modelling of metal cutting is unfea-
sible. However, numerical modelling, especially finite element method
(FEM), has the potential to overcome the issues with complexity.

Despite that FEM models have steadily improved accuracy and
simulation performance, they are still computationally expensive due
to the non-linearities in the material model, coupled nature of the
mechanical and thermal behaviour and the large deformations that re-
quire either a fine mesh or remeshing. Furthermore, creating a material
model for the FEM simulations requires significant expertise and rig-
orous materials testing. Researchers have proposed different material
modelling paradigms for FEM, which include complex physical testing
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of the materials, or inverse modelling the material behaviour from
machining experiments. There are multiple inverse methods, but one of
the most straightforward is response surface method, where the effect
of each FEM model parameter is approximated with a polynomial.
The output is then compared to experimental values, and the param-
eters that minimize the root mean squared error are chosen. Due to
these challenges, several researchers have proposed machine learning
(ML) as an alternative approach. Consequently, there are numerous
implementations of ANNs in machining problems, e.g., cutting force
prediction in ultrasonic milling [1], tool wear prediction in turning of
Inconel 718 [2] and predicting the cutting force and surface roughness
in milling of metal matrix composite [3].

Machine learning does not require in-depth expertise in materials,
machining or even programming, and despite that, the models are able
to reproduce the effects of the phenomena within the given training
dataset, emphasizing the word within. ML methods, like any other
regression models, can predict the behaviour well by interpolating the
given datapoints and extract their interconnectedness, but the model
performance decreases rapidly when the prediction is extrapolated out-
side of the peripheral boundaries of a given training dataset. Moreover,
ML based methods require large training datasets, which are expensive
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to produce unless extracted directly from the manufacturing system us-
ng IoT/Industry 4.0 or other smart monitoring systems. The bottleneck
ppears to be the considerable number of experiments needed for both,
L and FEM.

Our approach is to use a minimum number of experiments to
rain the ML model and to use those same experiments for calibrating
he FEM model. Henceforth, we can use the FEM results to expand

the training dataset beyond the original experimental dataset. This
combines the strengths of both methods, the computationally efficient
interpolation capabilities of ML and accurate, although expensive FEM
simulations for expanding the data domain, while minimizing the need
for machining experiments.

Our model uses deep neural networks (DNN) for the machine learn-
ng algorithm, Coupled Eulerian Lagrangian (CEL) formulation for the
EM model and machining experiments for the training and verification
atasets. The DNN is built with TensorFlow library available for Ana-
onda Python distribution. The CEL model is built with the commercial

FEM package Abaqus CAE. The first application of CEL on machining
was done by Ducobu et al. [4] in 2016, and later used extensively by
Agmell et al. [5,6]. Guo and Wen [7] developed a hybrid numerical

odel for cutting by applying an analytical model for chip stagnation
into an arbitrary Lagrangian–Eulerian (ALE) FEM model. The model
is able to capture the intended chip shape and stagnation effects.
Currently FEM models are capable of capturing the same effect using
friction models and adaptive remeshing, to avoid element deletion.
The CEL model used in this research has the advantage of avoiding
even the adaptive remeshing and the model performance regarding
computational time in 3D problems is better than with Lagrangian
formulation.

There are multiple approaches to hybrid modelling: In civil en-
ineering, the HYMOD approach was proposed by Markou and Pa-
adrakakis [8] which used multiple FEM formulations to efficiently
imulate reinforced concrete structures. Contact problems benefit from
ybrid methods by combining boundary element method (BEM) with
EM in applicable roughness scales [9]. DNN based material models

have been demonstrated in FEM [10] and even microstructural vari-
ations within heterogeneous materials can be solved using FEM and

NNs [11].
In the field of manufacturing research, hybrid methods using FEM

nd ML have been used for predicting micro-scale forces in grind-
ing [12]. Li et al. [13] present one of the first hybrid modelling methods
or machining with single point tools. Their approach uses Oxley’s par-

allel sided shear zone theory and neural networks. The analytical model
is used to predict the mechanical phenomena, forces, temperatures and
chip morphology. Those variables, together with tool and coolant data,
are used as an input for the neural networks. The model uses separate
neural network for each predicted outcome, i.e. tool wear, surface
roughness and chip breakability. The neural networks are trained with
experimental data. The model prediction accuracy varies between 5%–
20%. Their experimental verification, however, has only one variable,
the cutting speed.

Jawahir et al. [14] in 2003 discuss the broader view of hybrid
odelling for optimized machining and its applications in intelligent
anufacturing systems. The existing methods are listed as analytical

echniques, numerical modelling, artificial intelligence (AI) and fuzzy
ogic based methods. They highlight the need, especially for hybrid
odels, for predicting the machining performance metrics instead of

ndividual, method dependent outputs. They considered the character-
stic issues of each method; FEM models’ prediction outputs are not
qual to machining performance prediction values and FEM models

need accurate material data. Empirical models are valid only within
restricted parameter space and need considerable experimental testing
effort. AI and fuzzy models require large teaching datasets.

Our approach has an added benefit in the context on intelligent
ontrol, because the machining databases for hybrid FEML modelling

do not need to be complete, as the underlaying DNN can predict
 t
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the missing parameters and FEM can improve the prediction accuracy
if necessary. Therefore, the database can be compiled from multiple
sources even if the dataset is incomplete. Jawahir et al. [15] revisit
the themes of the 2003 paper, reviewing the new developments. They
onclude that regardless the developments in the methods, none of the
odelling techniques are accurate or reliable enough to be used for

ptimization in industry.
Ahilan et al. [16] present a hybrid decision making tools for CNC

turning quality. Their hybrid method is to train artificial neural net-
work (ANN) with either backpropagation, genetic algorithm or particle
swarm optimization (PSO). The models are used to predict power con-
sumption and surface roughness at different process parameters values,
which were varied for cutting speed, feed, cutting depth and nose
radius. The ANN trained with PSO had the best prediction performance,
showing roughly less than 10% error in overall results. Their results
gave us confidence on implementing our idea of hybrid FEML, because
surface roughness is notoriously difficult to predict, but their ANN did
that with reasonable accuracy.

Pérez-Salinas et al. [17] analysed orthogonal cutting of Inconel
718. Their results show correlation between flank wear and increased
scillations in shear force. If these oscillations can be captured from
EM simulations, it will potentially provide a path to model surface
oughness based on the FEM simulations without spending excessive
esources on the mesh size. Following that thought, kinematic mod-
lling accompanied with the chip formation mechanics shows promise,
s shown by Lazkano et al. [18]. They modelled surface topography

using kinematics of a milling tool complemented with experimen-
tally determined stochastic effects of chip formation, material defects
and vibrations. Including the stochastic effect to the kinematic model
improved the model accuracy by 27%–73%.

Aldekoa et al. [19] investigate tool wear in broaching by monitoring
the servomotor power. The correlation between the torque signal ac-
quired from the servomotor power and tool wear is done with Support
Vector Machine Regressor (SVMR), K-Nearest Neighbours Regressor
KNNR), and Random Forest Regressor (RFR). All regression models

performed well and RFR had the highest accuracy.
Schoop et al. 2019 [20] use a multi-domain hybrid model coupled

with experimental input to predict surface integrity in machining. The
domains in the model are elastic, plastic, thermal and thermodynamic
domains. Thermal model is based on frictional heating calculated using
modified Bessel equations, the plastic domain uses Oxley’s slip line
theory for polishing and elastic domain is based on Hertz’s theory
explaining elastic contact. Thermodynamic domain is used for mod-
elling phenomena such as dynamic recrystallization and phase changes.
Although their model gives reasonably good prediction compared to
the experiment (±10%), they used only one set of cutting conditions
in their error evaluation and the model has the same inherent flaws
as any 2D based modelling scheme. In their more recent work, Schoop
et al. 2022 [21] address the limitations of the 2D model, where they
investigate residual stresses (RS) in machining by combining 2D an-
alytical model and using in-situ Digital Image Correlation (DIC) for
measuring the strain fields. The normal pressure was determined from
the DIC displacement fields using Hertz’s theory of elastic contact
between cylinders on a plane in plane strain conditions. The 2D model
is then projected to 3D by calculating the equivalent chip thickness
along the tool nose radius and running the 2D model on different chip
thicknesses. The model assumptions are reasonable and the inherent
inaccuracies in the model are minor compared to the overall residual
stress field on the machined surface. The comparison of the residual
stress distributions calculated with the model shows decent agreement
with measured RS distributions. Our future research objective is to
include the surface integrity into our hybrid ML model, following
similar methodologies as Schoop et al.

Shi et al. [22] modelled cryogenic coolants in machining using com-
utational fluid dynamics (CFD) with FEM. The CFD model predicted
he coefficients of heat transfer (CHT) between the liquid nitrogen spray
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Fig. 1. The experiment setup on the NC lathe.
and the insert, workpiece, and chip. The predicted CHTs were used in
the FEM model as thermal boundary conditions, so the CFD and FEM
models were not coupled. The model predicted the chip temperature
with 7% error and the cutting forces with −24% to 10% errors.

Reimer [23] did extensive experimental and modelling effort to
predict surface integrity and fatigue life of forging dies after milling
in a doctoral dissertation from 2019. The model uses ANN to predict
the surface roughness, hardness and residual stresses caused by the
milling process. The ANN output is checked against initial machining
dataset and FEM results are used to improve the prediction. The fatigue
life is predicted and optimized with genetic algorithm by adjusting the
machining parameters. Although the accuracy of the model leaves room
for improvement (R = 0.725), the modelling effort, scope and holistic
approach are commendable. Our research concept was inspired by the
work done by Dr Reimer.

Kurz et al. [24] review different hybrid modelling techniques within
scientific computing. The review summarized the methods to Physics
Informed Neural Networks (PINNs), Deep Learning with embedded
physics simulation and Field Inversion and Machine Learning (FIML).
Concluding remark points out that hybrid modelling is spreading in
different fields in natural sciences and engineering.

The outcome of our literature review results to similar observation,
there are numerous hybrid methods using analytical models with ANN
even within the field of metal cutting research. However, there are
only few papers with hybrid FE-ML methods. Furthermore, we did not
find any previous publications that use 3D FEM, only one paper to use
FEM with DNN, and only two papers using synthetic teaching data.
However, some similarities with the hybrid FEML do exist. For example,
Hashemitaheri et al. [25] produced training data with 2D Lagrangian
FEM model for regression algorithms. Although the concept of synthetic
data is similar, the extent of the data variables, model dimensions, work
material, FEM formulation, ML approach are all different. Most notable
difference is that their approach is only capable of predicting specific
cutting forces and tool temperature. Another similar approach is done
by Peng et al. [26] using 2D FEM for additional training data source for
multilayered ANN for predicting cutting forces. The following research
gaps were identified:
335 
• No FEML implementations of three dimensional FEM.
• No FEML implementations of CEL formulation.
• No FEML implementations for 42CrMo4.
• No FEML implementations predicting surface roughness.
• No FEML implementations predicting chip thickness.

Therefore, it can be stated that the novelty of this work is using high-
fidelity 3D FEM model using CEL formulation to generate synthetic
training data for the DNN to complement experimental training data
for predicting cutting forces, chip thickness and surface roughness
in turning of 42CrMo4 steel with CBN insert. The objective of this
paper is to demonstrate the capabilities of the hybrid FEML model
and investigate if, and how much, the FEM results improve the DNN
model accuracy outside of the experimental dataset range. The intended
research outcomes are (a) to decrease the need for experiments, (b) to
reduce computational time and (c) improve prediction accuracy.

2. Materials and methods

We performed machining tests with an NC lathe with maximum
spindle speed of 3500 r ∕min and spindle power of 26 k W (Puma
MX2500ST), which included force measurements (Kistler 9129AA) and
thermal imaging (Optris PI640), as shown in Fig. 1. Although the
emissivity factor of the IR camera was properly calibrated for both work
material and insert by adjusting the emissivity while measuring the
material surface temperature with contact thermocouple, we discarded
the thermal imaging results because the temperatures of the workpiece,
chips and insert interfered (overlapped) with each other and captur-
ing any meaningful results would have required going through the
measurement data frame by frame. Additionally chip thickness (digital
vernier calliper) and surface roughness of the workpiece were measured
with 3D microscope (Alicona Infinite Focus G6, shown in Fig. 2) after
the experiments. The microscope objective was the 400 WD19, with
vertical resolution set to 0.54 μm and a lateral resolution to 0.93 nm,
which enable measuring radius down to 3 μm.

We created two datasets; one is used for the initial training dataset
for the ML model and FEM model calibration, and the second dataset
is used as verification dataset for the models. The first dataset is a 2-
level full factorial with a centre point, where the centre point values



S.V.A. Laakso et al. CIRP Journal of Manufacturing Science and Technology 55 (2024) 333–346 
Fig. 2. (a) Alicona Infinite Focus G6 3D microscope, (b) workpiece surface topology, (c) 3D cutting edge profile of the CNB insert.
Fig. 3. The CBN insert.

Fig. 4. The cutting tool angles and force components.

were chosen based on the tool manufacturer Seco tools’ recommenda-
tion, and the low and high levels were scaled ±25% from the centre
values, as in the Table 1. The second dataset added two levels to each
336 
Table 1
Design of experiments for the dataset 1: training dataset.

Test ID 𝑣𝑐 [m∕min] 𝑓 [mm∕r ev] 𝑎𝑝 [mm]

A 225 0.125 0.5
B 135 0.125 0.5
C 225 0.075 0.5
D 135 0.075 0.5
E 180 0.100 0.4
F 225 0.125 0.3
G 135 0.125 0.3
H 225 0.075 0.3
I 135 0.075 0.3

Table 2
Design of experiments for the dataset 2: validation dataset.

Test ID 𝑣𝑐 [m∕min] 𝑓 [mm∕r ev] 𝑎𝑝 [mm]

J 270 0.15 0.6
K 90 0.15 0.6
L 270 0.05 0.6
M 90 0.05 0.6
N 270 0.15 0.2
O 90 0.15 0.2
P 270 0.05 0.2
Q 90 0.05 0.2

parameter (Table 2), scaling the centre values with ±50%. In all, there
are seventeen experiments with unique parameter combinations, and
each combination was repeated three times, leading to total of 51
experiments.

Cutting length was selected for each datapoint so that the cutting
time was exactly 10 s. Each datapoint was repeated three times to
have elementary statistical confidence on the results. The workpiece
was Ø120 mm round bar of Ovako 42CrMo4 steel in quenched and
tempered state, which we measured with Innovatest Falcon 600, hav-
ing nearly uniform hardness of 300 Vickers (HV1) across the cross
section, with standard deviation of 9.6% in 20 sampled points. The
42CrMo4 was chosen because it has well defined QT-temperature–time
hardness behaviour, therefore including hardness in future work with
the same material will be easier. Seco CBN inserts, shown in Fig. 3
(CNGA120408S-01525-L1-B CH2540) were used in the experiments
attached to a DCLNR2525M12-M type tool holder. The CH2540 grade
consist of 65% CBN and the remainder is ceramic matrix. CBN grain
size is bimodal, in which 1 μm grains are complemented with 15 μm
grains added to the structure. The cutting tool angles for the setup are
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Fig. 5. The FEM model setup.
Fig. 6. Mesh configuration in the FEM simulations (a) insert, (b) Eulerian.
95◦ for the cutting edge angle 𝜅, −6◦ for rake angle 𝛾 and −6◦ for the
inclination angle 𝜆, as shown in Fig. 4. The flank angle 𝛼 is equal to
rake angle with N-type inserts. Wedge angle 𝜖 of the insert is 80◦ and
nose radius is 0.8 mm and the tool cutting edge has 0.15 mm chamfer at
20◦ angle from the rake face. The cutting edge radius was measured
to be 20 μm. Each datapoint was machined with a new cutting edge to
eliminate the effect of wear. We investigated the inserts before and after
the experiments, using the Alicona microscope (Fig. 2) and observed no
measurable wear (see Fig. 2 c).

2.1. FEM model

We built the FEM model with Abaqus CAE, using Coupled Eule-
rian Lagrangian (CEL) formulation using linearized 3D representation
of the round workpiece as shown in Fig. 5. The workpiece geom-
etry was used to assign material inside the Eulerian space which
interacts with the insert modelled with Lagrangian formulation. The
337 
material inside the Euler space was tracked using the Volume Fraction
tool. The solver uses explicit time integration with dynamic coupled
temperature–displacement. The simulation time is set to 0.001 s, leading
to different cutting lengths depending on the cutting speed.

The insert was meshed (Fig. 6a) with 8-node thermally coupled
brick elements with trilinear displacement and temperature (C3D8T)
having minimum edge length of 0.01 mm and maximum edge length of
1 mm. The number of elements in the insert mesh is 6462. The Eulerian
space (Fig. 6b) is meshed with 63 360 8-node thermally coupled linear
Eulerian brick elements with reduced integration and hourglass control
(EC3D8RT), having minimum edge length of 0.015 mm and maximum
edge length of 2 mm. The minimum edge length was selected based
on generalized rule of 5 to 10 elements to the direction of uncut chip
thickness. The contact between the insert and the workpiece was set
with penalty formulation Coulomb friction on tangential direction and
hard contact on normal direction, heat generation using Abaqus de-
fault values and thermal conductance was set with pressure dependent
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Table 3
Johnson-Cook model parameters.
𝐴 [MPa] 𝐵 [MPa] 𝐶 𝑛 𝑚 𝑇𝑟𝑜𝑜𝑚 [K] 𝑇𝑚𝑒𝑙 𝑡 [K]

637 608 0.0241 0.135 0.09193 300 1720

Table 4
Material properties of 42CrMo4 and CBN.

Mechanical properties 42CrMo4 CBN

Young’s Modulus [GPa] 219 652
Density [k g∕m3] 7850 3940
Poisson’s ratio 0.3 0.27
Thermal Expansion [mm∕mmK] 1.20E−05 5.20E−06

tabulated data from Rosochowska et al. [27]. The simulation model
parameters were calibrated using the experiments. The cutting param-
eters in the simulations were selected corresponding to the test IDs A,
E, I, which were used to calibrate the friction coefficient of the model
and the flow stress model parameters if necessary. Three values were
used for calibration of the friction coefficient. The output parameters,
cutting forces and chip thickness are linearly correlated to the friction
coefficient and the output parameters are extrapolated or interpolated
to goal values (experimental results) and then corresponding friction
coefficient value is selected. The friction coefficient was finally set
to 0.760, that well corresponds to existing research literature on dry
cutting. The cutting force and chip thickness errors were within the
acceptance range after the friction calibration, so no further adjustment
of the flow stress model parameters was needed. The CBN insert was
modelled as elastic part with initial field for temperature set to 300 K
and an encastré boundary condition was set on the non-contact free
surfaces. Workpiece was modelled as elastic–plastic using Johnson-
Cook flow stress model [28], shown in Eq. (1). The J-C parameters for
42CrMo4 were taken from Stampfer et al. [29], shown in Table 3.

𝜎𝑓 𝑙 𝑜𝑤 = (𝐴 + 𝐵 𝜀𝑛)
(

1 − 𝐶 𝑙 𝑛
(

𝜀̇
𝜀̇𝑟𝑒𝑓

)) (
1 −

(

𝑇 − 𝑇𝑟𝑜𝑜𝑚
𝑇𝑚𝑒𝑙 𝑡 − 𝑇𝑟𝑜𝑜𝑚

)𝑚)

(1)

Thermomechanical properties of the CBN insert and 42CrMo4 work-
piece are presented in Table 4. The 42CrMo4 values are from Ovako
Steel material datasheet and CBN values from Agmell et al. [5]. The
ulerian space was set with 300 K initial temperature field, the inflow
urface (normal to 𝑧-axis in Fig. 5) was set with velocity boundary

condition corresponding to the cutting speed, and y- and 𝑥-direction
movement was restricted with zero velocity boundary conditions on the
bottom and back surfaces. An average simulation time was 40 h using
IT Centre for Science Ltd. Puhti supercomputer nodes with Intel Xeon
Gold 6230 processor with 16 cores and 2.1 GHz clock speed and a single
NVidia V100 GPU acceleration. First the simulations A, E and I and then
simulations J to Q were calculated parallel, therefore the real-world
simulation time was only slightly over 80 h.

2.2. Machine learning model

The machine learning model we used in this work, utilizes Python
ibraries, specifically TensorFlow and Keras for model construction and
raining. TensorFlow is a library for deep neural networks (DNN). We
hose DNN for our hybrid method over ANN because DNN’s accu-
acy and computational efficiency is higher than ANN’s in complex

datasets [30]. DNNs contain more hidden layers that enable them to
epresent more complex relationships than ANNs [31]. DNN’s neurons

in the hidden layers have interconnections which further improve
he predictive capabilities. DNNs are also computationally more ef-
icient than ANNs regarding the training of the network. We used
eras Tuner for optimizing the hyperparameters. Scikit-learn, another
ython library, was used for data preprocessing and performance met-
ics calculations. During this preprocessing phase, the MinMaxScaler
as employed to rescale the dataset to adjust all values within the
 s
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range 0, 1. This scaling ensures that each data point contributes equally
o the model’s training and facilitates an accurate and unbiased eval-
ation of model outputs. However, the MinMaxScaler is sensitive to
utliers, which can distort the data range and subsequently affect the
caling [32].

The initial approach involved constructing simpler models and ex-
erimenting with various batch sizes. Once the optimal batch sizes
ere identified, the final tuning of the models was executed using
eras Tuner. Keras Tuner automatically selects optimal hyperparam-
ters for neural network models by efficiently exploring the possible
onfigurations and maximizing model performance through a system-
tic and guided search process [33]. The tuning specifically employed

the Hyperband optimization algorithm. Developed by Li et al. [34]
the Hyperband algorithm significantly improves tuning efficiency by
strategically allocating computational resources and prematurely ter-
minating the training of underperforming parameter sets. Different loss
functions were tested during the tuning process, and the Huber loss
function, developed by Peter Huber, 1964, [35] emerged as the most
effective. This function combines the attributes of mean squared error
and mean absolute error. It applies mean squared error to smaller
rrors to increase sensitivity and mean absolute error to larger errors
o enhance robustness against outliers.

The model was trained with two datasets, the first containing only
he experimental data, and second with added FEM results. The data

was split to 20%–80% validation dataset and training dataset in both
cases. While we trained the DNN with the experimental dataset, the
depth of the model was allowed to vary between one and three hidden
layers. Neuron counts in the input layer were tested between 5 and 20
to explore varying complexities, while those in the hidden layers were
et between 10 and 30. Learning rates of 0.1 and 0.01 were chosen, and

the delta parameter for the Huber loss function was adjusted between
0.7 and 1. In addition to these settings, hyperbolic tangent (tanh),
Rectified Linear Unit (ReLU), and sigmoid were available as tuneable
activation functions for the input and hidden layers, while the output
layer was set with a linear activation function. The tuner finalized
the following optimized DNN model parameters: The model features
an input layer with ten neurons using a hyperbolic tangent activation
function and a single hidden layer with 16 neurons, also activated by
a hyperbolic tangent. The learning rate was optimized to 0.1, and the

uber loss function, with a delta setting of 0.8. The model’s training
as conducted over 125 epochs.

The extended dataset was complemented with surface roughness
values modelled with the DNN, because the FEM prediction of sur-
face roughness is not feasible without unreasonable computational
resources. With more training data for the DNN model, the tuner
configuration had 10 to 30 neurons in the input layer and 15 to 40
in each hidden layer, with the depth of the network varying from two
o four layers. Tanh, ReLU, and sigmoid were selectable as activation
unctions for the input and hidden layers, while the output layer was set
ith a linear activation function. Learning rates of 0.01 and 0.001 were

hosen, and the threshold for the Huber loss function was set between
.5 and 1. The optimized parameters for model 2 include an input layer
ith 30 neurons using the rectified linear unit and two hidden layers:

he first with 15 neurons using the hyperbolic tangent and the second
ith 24 neurons using the rectified linear unit. The learning rate was

et at 0.01, and the Huber loss function delta was set at 0.9. The model
nderwent training over 250 epochs.

3. Results

3.1. Machining experiments

The machining experimental results are presented in Table 5. The
values are averages of three measurements and the corresponding
tandard deviations are in the following columns denoted with sigma.
he forces have relatively low standard deviation at 4%–8% in average.
he chip thickness has higher deviation at 10% on average. The sur-
ace roughness values have the highest uncertainty with 16% average

tandard deviation.
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Table 5
The forces, chip thickness and surface roughness from the cutting experiments, and corresponding standard deviations.

ID 𝐹𝑃 [N] 𝐹𝐶 [N] 𝐹𝑓 [N] 𝜎𝐹𝑃
[N] 𝜎𝐹𝐶

[N] 𝜎𝐹𝑓
[N] 𝑡𝑐 [μm] 𝜎𝑡𝑐 [μm] 𝑟𝑎 [μm] 𝜎𝑟𝑎 [μm]

A 187.3 228.5 146.3 6.6 15.6 15.3 210 26.5 0.83 0.04
B 202.6 243.9 157.7 3.0 12.6 9.9 227 11.5 0.88 0.16
C 144.4 162.4 120.0 6.4 8.7 8.9 147 35.1 0.39 0.04
D 153.7 173.2 126.9 5.1 10.3 9.7 140 10.0 0.59 0.17
E 151.1 162.3 105.7 8.7 14.3 13.4 170 10.0 0.66 0.11
F 146.4 150.4 82.7 10.5 17.2 12.7 187 28.9 0.89 0.09
G 160.8 161.4 87.8 9.6 17.0 14.2 197 11.5 0.79 0.11
H 113.8 107.3 69.4 9.3 12.9 11.8 127 15.3 0.42 0.14
I 124.9 116.7 72.6 6.8 11.1 10.0 107 5.8 0.88 0.12
J 217.0 293.0 179.8 3.1 0.3 0.6 240 17.3 1.06 0.11
K 254.3 335.2 213.0 3.9 2.8 1.7 307 40.4 1.38 0.19
L 125.5 145.1 127.5 5.2 3.8 4.0 100 20.0 0.27 0.03
M 144.8 174.4 143.7 1.7 2.6 0.4 117 11.5 0.86 0.33
N 117.3 109.7 46.4 5.1 3.1 3.6 147 11.5 1.07 0.02
O 140.8 133.2 49.1 4.2 3.5 5.7 247 5.8 0.86 0.12
P 72.3 56.0 33.5 2.0 1.1 1.2 77 5.8 0.36 0.08
Q 86.5 74.1 37.2 3.3 1.6 2.4 93 5.8 2.15 0.40
Fig. 7. FEM model output comparison against experiment IDs A, E, and I.
Fig. 8. FEM simulation output for IDs A, E, and I, from left to right.
3.2. FEM prediction results

The FEM model was calibrated to A, E and I experiments. The
comparison of the calibrated FEM model against the experimental
results is shown in Fig. 7. Average errors regarding the forces are
from −13% to 4% and 10% for the chip thickness. Simulation output
visualizations are shown in Fig. 8, where the colour-coding corresponds
to Von Mises stresses (MPa).

The FEM model performance outside of the calibration dataset is
crucial because the final hybrid model is reliant on the accuracy of
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the FEM model. Therefore, the FEM model error in parameter range
J-Q is also evaluated, although this comparison was not used to modify
the FEM or the ML models. The comparison to experiments is shown
in Fig. 9 regarding the cutting forces and chip thickness. The forces
have an average error between −4% to 11% and chip thickness has
10% average error compared to experimental results. In general, less
than 10% errors in metal cutting FEM simulations have rarely been
demonstrated in the field while using wide range of cutting parameters.
Additionally, when considering the error magnitude, the experimental
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Fig. 9. FEM model output comparison against experiment IDs J-Q.
results have nearly as large standard deviation as the FEM error.
Visualization of the simulations J-Q are shown in Fig. 10.

3.3. ML and hybrid FEML results

The ML and hybrid FEML model predictions are shown in Fig. 11
compared to the experimental results. The ML model with limited
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training dataset produced mean average error of 23% and 𝑅2 is 0.43.
The error is 6% for the labels A to I which were used for the training
dataset and 42% for the validation dataset including labels J to Q.
Maximum individual label error is 260% regarding the feed force
prediction of the label O. Individual prediction errors for each label
are given in Table 6. The hybrid FEML model average error is 13%
for all labels and 𝑅2 is 0.73, average error for the training dataset is
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Fig. 10. FEM simulation output for IDs J-Q, from left to right and top down.
7% and 19% for the validation dataset. Maximum error of the hybrid
FEML model is 77%, also for feed force, but for the label N. Error for
all labels are shown in Table 7.

4. Discussion

The hybrid FEML model outperforms both the experiment driven
DNN model and the FEM simulations. The average prediction error
decreases with the hybrid FEML model to 13% from the ML model’s
23%. The hybrid model benefits from the advantages of both methods,
the powerful interpolation capabilities of the DNN and accurate extrap-
olation capabilities of the FEM model. Additionally, the experimental
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results can be used for multiple purposes: initial training dataset for
the DNN model, calibration dataset for the FEM model and finally
verification of the model performance. We observed a trend in the
prediction errors, which tends to increase at the minimum and max-
imum boundary values of the process parameters, cutting speed, feed
and cutting depth. The behaviour is common with DNN models, which
can predict the outcomes only within the training dataset. The model
errors can be associated to the size of the training data regarding the
DNN. Increasing the number of the hidden layers would not improve
the accuracy and would lead to overfitting. Only viable way to improve
the DNN accuracy is increasing the training dataset size, which in turn
can allow for more layers in the model. There might be potential in
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Fig. 11. The output of the DNN models compared to experimental results (True labels), extended data predictions include the FEM model results in the training dataset, limited
data prediction has only experimental results.
Table 6
Prediction errors of the limited DNN model.

ID 𝐹𝑃 𝐹𝑓 𝐹𝐶 𝑅𝑧 𝑅𝑎 𝑡𝑐
A 1.22% 1.10% 2.90% 4.51% 1.95% 5.07%
B 0.36% 2.02% 3.11% 0.18% 15.53% 5.50%
C 0.41% 1.13% 1.23% 4.68% 1.27% 0.71%
D 3.68% 7.42% 0.26% 2.29% 20.70% 16.30%
E 2.53% 6.43% 1.55% 9.36% 23.53% 4.98%
F 3.33% 6.41% 5.31% 3.82% 1.99% 5.51%
G 2.87% 7.68% 0.04% 4.71% 18.01% 11.17%
H 0.55% 5.90% 8.58% 5.82% 18.92% 2.40%
I 3.99% 9.08% 6.63% 12.37% 11.78% 34.82%
J 11.96% 29.58% 52.26% 23.70% 17.26% 0.48%
K 16.21% 24.55% 51.49% 32.33% 33.79% 16.70%
L 13.61% 29.80% 10.39% 12.84% 11.71% 38.26%
M 12.79% 36.36% 18.95% 24.66% 26.79% 30.70%
N 26.91% 224.78% 34.39% 15.32% 9.34% 44.79%
O 22.10% 259.53% 39.13% 10.92% 8.26% 5.33%
P 47.96% 163.36% 0.90% 5.40% 14.84% 52.67%
Q 48.02% 238.05% 9.91% 62.96% 65.84% 40.44%
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Table 7
Prediction errors of the hybrid FEML model.

ID 𝐹𝑃 𝐹𝑓 𝐹𝐶 𝑅𝑧 𝑅𝑎 𝑡𝑐
A 1.57% 15.16% 18.59% 0.00% 1.08% 3.25%
B 1.06% 5.94% 5.85% 1.45% 3.13% 3.61%
C 8.55% 9.93% 16.37% 11.32% 13.14% 5.88%
D 1.26% 4.83% 7.26% 6.62% 14.83% 1.11%
E 2.02% 8.39% 25.73% 10.44% 12.65% 2.96%
F 1.38% 6.94% 6.17% 1.41% 2.69% 5.83%
G 1.62% 1.91% 7.30% 4.16% 4.17% 4.09%
H 1.42% 6.54% 12.35% 15.74% 22.24% 3.16%
I 5.34% 3.94% 24.44% 6.12% 8.43% 0.62%
J 1.12% 0.75% 6.47% 19.92% 10.97% 4.71%
K 1.32% 1.97% 12.86% 30.40% 30.54% 9.11%
L 6.85% 23.73% 5.07% 19.40% 22.75% 23.33%
M 10.33% 25.38% 0.13% 19.26% 19.77% 13.06%
N 21.61% 76.75% 13.45% 14.61% 10.39% 41.75%
O 9.21% 52.29% 4.77% 13.56% 1.31% 3.35%
P 19.32% 10.03% 51.47% 12.36% 5.16% 8.90%
Q 9.21% 62.73% 1.78% 57.11% 60.28% 37.14%
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Fig. 12. Continuous interpolation of the DNN predicted process outputs as a function of cutting speed.
using higher order neurons, but that also has a risk of overfitting. The
FEM model error is threefold, one source is the discretization error
related to the meshing and linearization, another source is the time
integration, and third most critical is the accuracy of the model data,
which represents the material behaviour, friction, thermal aspect or
other related phenomena. The first two can be reduced by decreasing
the element size and time step, however these come with the cost of
increased computational time. Improving the model data and material
models is an active field of research which would not benefit from
trying to discuss it here.

We created an additional prediction dataset from the hybrid FEML
model to illustrate the model behaviour as a function of all the process
parameters. Fig. 12 shows the model behaviour as a function of cutting
speed. The cutting force components decrease with increasing cutting
speed, complying with the theory and experiments [36,37]. The model
behaviour outside the training data range (presented with the vertical
dotted lines) shows instability commonly attributed to neural networks.
The surface roughness values Rz and Ra decrease with increasing
cutting speed, which is consistent with observations of machining other
than stainless steels [38,39]. Daymi et al. [40] investigated the effect of
cutting speed on chip morphology of Ti6Al4V. Their results show 20%
decrease of chip thickness with increasing cutting speed from 50 m∕min
to 250 m∕min. Our hybrid model prediction results show 18% decrease
between the cutting speeds from 75 m∕min to 275 m∕min. Although the
materials are not the same in the two studies, the behaviour is not
uncommon.

The effect of feed on the model predictions is presented in Fig. 13.
The cutting force components are nearly directly proportional to the
feed, which is supported by the theory and experiments [41,42]. The
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change in the feed force near feed 0.15 mm∕r ev is caused by the tool
protective chamfer, which is exactly 0.15 mm in length. When the feed
approaches that value, the effective rake angle of the tool changes
drastically and the cutting force components are distributed differently.
The surface roughness is commonly known to increase with feed [43],
which is predicted by the model as well [44]. Chip thickness is directly
proportional to feed according to both established theory and our
hybrid model.

The effect of cutting depth has directly proportional relationship
with the cutting force components, as shown in Fig. 14. Cutting depth
does not have universal effect on surface roughness, which is apparent
in the model of theoretical surface roughness, in which only nose
radius, minor cutting edge angle and feed are variables [43,45]. Cutting
depth does have an effect however, e.g. with small cutting depths
the chip formation moves towards the tool nose radius changing the
force directions unfavourable for good surface finish or with very large
cutting depths the tool deflection and potential vibrations, i.e. chatter,
can cause poor surface finish. Experimental investigation by Murat
et al. [46] shows increasing surface roughness with increasing feed
above the typical levels in hard turning of AISI D2 cold working
steel. The predictions of our hybrid model show only a small absolute
difference in the surface roughness at different cutting depths, but
the general trend appears to be that the roughness decreases with
increasing cutting depth.

The temperature measurement setup needs improvement, because
the formed chip interfered with the line of sight to the cutting insert
rake face. Potential improvement is presented by Saez de Buruaga
et al. [47], who measured the insert temperature from the tool side and
calculated the tool-chip interface temperature with inverse methods.



S.V.A. Laakso et al. CIRP Journal of Manufacturing Science and Technology 55 (2024) 333–346 
Fig. 13. Continuous interpolation of the DNN predicted process outputs as a function of cutting feed.
Their method is limited to semi-orthogonal case and requires a flat
face on the insert side. Soler et al. [48] use an alternative method
for IR camera calibration, by directly correlating the digital level and
temperature of the measured surface. While this method improves the
accuracy of the temperature measurement, this does not help to avoid
the issue with blocked line of sight. The same paper shows a method
to measure the rake face temperature by creating discontinuities on the
workpiece, and this way removing the workpiece and the chip from
the line of sight. This method is similar to what was by the author in
Laakso [49], where the rake face temperature was measured directly
after the tool-chip engagement ended. There are many temperature
measurement techniques that are applicable in laboratory environment,
but robust industrially relevant methods are missing, that can be used
in everyday operations.

5. Conclusions

Our research investigated hybrid FEML model for turning of
42CrMo4 steel, using FEM model and machine learning. The hybrid
model was successful in fulfilling the intended research outcomes,
by reducing the need for experiments, reducing computational time
and improving prediction accuracy by 10%. We made the following
conclusions based on our results:

• Hybrid FEML model outperforms the ML model and FEM model
independently.

• The prediction accuracy is good, 13% on average.
• Hybrid model required 50% less experimental data than ML

model alone, and 45% less computing time than FEM model
alone.
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• Predicting and measuring surface roughness is more challenging
than the other variables.

• Thermal imaging experiment setup needs further development to
separate the radiation from workpiece, chips and insert.

These conclusions imply that the method has potential for general
purpose predictive tool for turning operations in academic or industrial
applications. The current model can predict the absolute values of
surface roughness, cutting forces and chip thickness with acceptable
accuracy, out of which the surface roughness is most beneficial for
practical process design. In addition, the qualitative behaviour of the
model agrees with existing research observations, at least within the
training dataset range of operational parameters.

6. Limitations and future work

Further development of the model is needed especially regarding
the prediction of the surface roughness, which in current model is en-
tirely dependent on training with experimental data. Potential solutions
for surface roughness prediction are voxel based material removal sim-
ulations, kinematic modelling, and regression models complemented
with FEM results. Following that, tool wear effects need to be included
in the model in addition to different work and insert materials. This
can be achieved with more experimental results and FEM simulations
for different materials. The current model is limited to turning op-
erations and ductile or semi-ductile work materials. For milling, the
DNN and FEM model need to be revised to accommodate different
geometries and kinematics. Brittle materials can be implemented by
using appropriate material models in FEM.
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Fig. 14. Continuous interpolation of the DNN predicted process outputs as a function of cutting depth.
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