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 A B S T R A C T

The modern time of Industry 4.0 requires an enhanced prediction process for reliable and 
sustainable manufacturing. It is essential to understand the relationships between various 
process parameters of machining for better optimization. Digitalization offers the opportunity 
to accelerate the prediction process using different modelling such as numerical and data-
driven models. Improvements in the knowledge of thermo-mechanical variables and the use 
of finite element method (FEM) tools and machine learning approaches for thorough thermo-
mechanical analysis are noteworthy contributions to the area. However, an ideal standardized 
approach remains to be resolved. Therefore, this research proposes a development process of an 
automated FEM tool to simulate the tool-chip interaction for AISI4140 material, coupled with 
a hybrid multivariate regression model for fast prediction of non-linear relationships between 
the cutting parameters and the contact properties. Consequently, the study also interprets the 
tool-chip interactions in the secondary deformation zone, facilitating process optimization for 
improved machining performance.

. Introduction

Manufacturing sustainability is the focal point behind the abrupt change in how products are designed, developed, and delivered. 
n the simplest terms, sustainable production is about reinventing the entirety of the manufacturing ecosystem, dependent on its 
nvironmental footprint. Since machining is particularly essential in production processes, it incorporates a variety of aspects that 
ave a significant influence on eco-friendly manufacturing.
Narita and Fujimoto [1] developed an analytical approach to comprehend the impact of several machining factors, such as 

ool wear, coolant consumption, and metal chip forms on environmental burden. Although researchers have developed multiple 
echniques to predict the effects of machining factors on sustainable manufacturing, an ideal prediction process still needs to be 
tandardized [2]. Having said that, it is unanimously agreed that software technologies are vital to advancing lean manufacturing 
3].
Experimental research provides valuable insight into the relationships between different process parameters and the cutting 

rocess. Yet, a more in-depth assessment of the impacts of process factors is often desired. In the era of Industry 4.0 and digitalization, 
omputational modelling provides engineers with valuable tools to thoroughly analyse and tune machining parameters, whether in 
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real-time or for future operations as discussed by Cimino et al. [4]. Numerous significant contributions to the field of computer 
simulations can be observed. Influential work by Arrazola et al. [5] enriched the understanding of the thermo-mechanical variables 
like stress, strain and temperature by avoiding experimental measurement difficulties. Multiple research has been conducted to 
analyse different aspects of high-speed machining such as separation criteria [6], impact of the tool geometry, tool coating, and 
cutting regime factors on the distribution of residual stress [7], examination of heat production and temperature prediction in 
metal cutting [8]. Other studies put forward strategies to address numerical challenges associated with computational techniques in 
machining simulation [9]. In modern times, the use of intricate cutter geometries during machining processes leads to the generation 
of three-dimensional (3D) cutting forces that pose challenges in terms of both analytical and numerical modelling. Hence, the use 
of two-dimensional (2D) orthogonal cutting conditions has the potential to significantly decrease model complexity and computing 
strain. Orthogonal cutting is distinguished by the presence of a cutting edge that is oriented at a right angle to the cutting velocity 
[10]. This simplification thus approximates the feed rate as the uncut chip thickness (ℎ), the gap between the tool tip and the 
workpiece’s edge. Additionally, for a 2-D orthogonal cut mechanics, the unit depth of cut correlates to the reaction forces that 
emerge in the form of N/mm [11]. Multiple studies have been conducted to research the material flow stress throughout the chip 
production process during orthogonal machining [12,13]. All this research highlights the necessity of FEM tools for comprehensive 
thermo-mechanical investigations in machining, making them essential assets in both research and industrial applications.

However, it is observed that with the automation of modern computational methods and numerical models has enabled more 
precise, optimized and faster analysis of machining operations. Consequently, it offers the possibility to create huge datasets for 
modelling data-driven approaches. The present era of big data and advanced regression analysis techniques represents the latest stage 
of advancements in the field of machining. Several data-driven methodologies, including curve fitting of analytical models [14,15], 
neural networks [16], genetic algorithms [17], random forest regression [18], and other machine learning methods, have recently 
been applied to transform machining processes through the use of massive datasets and complex regression models. By considering 
machine learning algorithms and real-time databases, the machining industry intends to reduce the cost and increase the efficiency 
of result generation. That said, the existing state of the art does not offer a complete architecture to combine different prediction 
models that provide a holistic framework for using process parameters to simultaneously predict multiple thermo-mechanical contact 
properties.

This evolution from analytical methods to sophisticated prediction techniques is particularly relevant for gear skiving, a complex 
machining process where the precise prediction of cutting forces, chip geometry, and tool-workpiece interactions is critical for 
optimization. For instance, previous research has conducted an in-depth study of the process kinematics of gear skiving to develop 
a numerical model to predict cutting forces in the gear skiving process [19] or to develop an analytical model to optimize the extreme 
conditions [20]. Schulze et al. [21] also used FEM to simulate cutting forces and chip formation in gear skiving, focusing on kinematic 
complexities. Guo et al. [22] proposed an analytical model for tool design to predict interference-free cutting conditions in gear 
skiving. Antoniadis [23] adapted CAD-based force prediction from gear hobbing to skiving contexts, demonstrating the versatility 
of force modelling. Other studies such as Bergs et al. [24] have presented an analytical kinematics and numerical simulation 
algorithm to calculate maximum chip thickness. However, more recent studies have used Particle Swarm Optimization (PSO) and 
Backpropagation (BP) neural network approach to predict and optimize geometric deviations in skiving parameters [25]. Together, 
these studies show how an all-encompassing predictive framework may be used to tackle the complex problems associated with 
gear skiving.

Thus, this study aims to propose a schematic of a FEM automation tool to accurately simulate the dynamic contact interactions 
occurring between the tool, chip, and workpiece in the orthogonal cut under the framework of gear skiving. In addition, the work 
aims to incorporate a data-driven approach in order to predict nonlinear relations between various cutting parameters and output 
results such as cutting forces (𝐹𝑐 , 𝐹𝑝), contact length (𝑙𝑐), sticking length (𝑙𝑠), contact zone temperatures (𝑇𝑐), normal stresses 
(𝜎𝑛), and relative sliding velocity (𝑉𝑠). A multivariate hybrid regression model is considered due to the multifaceted nature of 
prediction results, which cannot be predicted using a single sort of model. In the end, the paper focuses on studying tool-chip 
contact interactions in the secondary deformation zone to analyse thermo-mechanical properties, facilitating process optimization 
for enhanced machining outputs.

2. Materials and methods

2.1. Experimental setup

The orthogonal turning tests were carried out using a 3-axis milling machine of type POSmill CE 1000 under dry air cooling 
conditions as shown in Fig.  1. The workpiece is clamped in the tool spindle and the cutting speed is set via diameter-dependent 
rotation speed. The tests were carried out using samples of AISI4140 with dimensions of ∅120 × 4mm, which were previously 
quenched and tempered at 600 ◦C for one hour in accordance with DIN EN ISO 18265. The resulting hardness is 339 ± 10 HV30, 
which gives a tensile strength of 1070 ± 31MPa according to DIN EN ISO 18265. The material’s chemical composition is given in 
Table  1. The different rake angles can be set by rotating the upper part of the toolholder, which is clamped to the Kistler Type 9255 
dynamometer. The forces are recorded with a frequency of 10 kHz in direction of cutting force (𝐹c) and passive force (𝐹p) during 
the experiments. An algorithm was developed to filter and average only the steady-state component of 𝐹𝑐 and 𝐹𝑝.

As cutting tool, a carbide insert with a Alcrona Pro coating from Oerlikon Balzers and a bulk material of type K30 according 
to ISO513 were used. The geometrical properties of the cutting edge are a constructive rake angle of 𝛾 = 0◦, a clearance angle 
of 𝛼 = 3◦ and a cutting edge rounding of 𝑟 = 20 μm without chip breaker. Since the orthogonal cut is an excellent experimental 
𝛽
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Fig. 1. Experimental setup (a) Cutting tool setup (b) Closeup of experimental configuration (c) Workpiece sample.

Table 1
Chemical composition of AISI4140 steel (wt%).
 C Mn Si P S Cr Mo Cu  
 0.41 0.81 0.33 0.01 0.023 1.04 0.189 0.13 

Table 2
Workpiece, tool and process data of the investigated gear skiving process according to [27–29].
 Workpiece 𝑧2 𝛽2

in ◦
𝑑𝑎,2
in mm

𝑑𝑓,2
in mm

𝛼𝑛
in ◦

𝜒𝐸,2 𝑏2
in mm

𝑚𝑛
in mm

 

 −96 22.54 135.8 143.2 17.5 0.138 27.2 1.34  
 Tool 𝑧0 𝛽0

in ◦
𝑑𝑎,0
in mm

𝑑𝑓,0
in mm

𝛼𝑛
in ◦

𝛾
in ◦

𝜏0
in ◦

𝑚𝑛
in mm

 

 48 −0.03 68.68 60.4 17.5 0 0 1.34  
 Process 𝛴

in ◦
𝛴𝑒
in ◦

𝛽𝑤,0
in ◦

𝛽𝑤,2
in ◦

𝛼𝑤𝑛
in ◦

𝜃𝑤,0
in ◦

𝑑𝑤,0
in mm

𝑑𝑤2,
in mm

 

 −24.75 −22.48 0.026 22.45 16.81 10.63 64.08 138.68  

setup for analysing complex manufacturing processes and understanding the local acting mechanisms on the cutting wedge, the 
characteristic process parameters of a gear skiving process were reproduced. Using the freely available OpenSkiving [26] software, 
parameter fields for an e-mobility internal gear (as shown in Table  2) as described by Sauer et al. [27], Arndt et al. [28], Hilligardt 
and Schulze [29] were calculated and analysed. Fig.  2 shows in detail the maximum, respectively minimum values along the tool 
contour of the considered gear skiving process for the ten tool passes.

Fig.  2(b) further shows at an example point of the tooth of the analysed gear skiving tool the local change of the cutting 
parameters over the tool engagement time. It can be seen, considering the orthogonal cut, that the transfer of local acting parameters 
over the time can therefore be a method of approach. The maximum and minimum values determined for the process parameters 
of the orthogonal cut — cutting speed v𝑐 , chip thickness h and rake angle 𝛾 — were then converted to a test design with stationary 
parameters.

Factorial DOE is a good choice to create the initial dataset for validation purposes since the designs consist of discrete possible 
levels and avoid randomization. Using the central composite design (CCD) that involves the factorial points, axial points and centre 
points as well, which leads to a balanced representation of the design space. Therefore the following ranges were taken into account, 
−25◦< 𝛾 < −5◦, 115 m/min < 𝑣𝑐 < 140 m/min and 0.05 mm < ℎ < 0.15 mm.

As a consequence, 15 data points were generated using CCD (shown in Fig.  3), allowing the simulation to be validated to the 
extreme situations, where it is predicted to yield deviating findings based on literature [30–32].

To neglect the influence of wear, the cutting inserts were only used once per trial. Each test point was repeated three times 
to exclude influences of the test setup and for the purpose of statistical validation. Which results in a total of 45 experiments to 
validate the cutting forces, passive forces experienced by the tool. Furthermore, by randomizing the sequence of conducting the 
experiments ensured to minimize the influence of unidentified errors.

Apart from that, for measurement and validation of contact length, 15 more experiments were performed with tools having micro-
textured imprints on the rake face as demonstrated by Ellersiek et al. [33]. This method has proven to be effective for instrumentation 
measuring the real contact length (𝑙𝑐). The research indicated that this technique is especially useful for cases with high uncut chip 
thickness ℎ, causing high normal stresses 𝜎  in the contact region, enabling accurate measurement of the contact length 𝑙 .
𝑛 𝑐
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Fig. 2. Analysed gear skiving process (a) Maximum and minimum process parameters to transfer to the orthogonal cutting (b) Time dependent change of 𝑣𝑐 , ℎ
and 𝛾 at the tool point 0 mm.

Fig. 3. (a) Central composite design (b) Represented test points.

According to the set test programme of this study, where also low uncut chip thicknesses were tested, a slight change was made 
to the approach. Therefore, the position of the micro-texture were moved as close as possible to the cutting edge, as shown in Fig. 
4a. The micro-textures were applied in the direction of chip flow on the rake face of the tool with a depth of 8 μm and a width of 
50 μm. The gap between each textured is 100 μm. The textures are created at a steady angle, which in turn makes each strip 10 μm 
away from the cutting edge. Once the chip started flowing, it was observed that the micro-textured were imprinted on the back side 
of the chip. Consequently, once the number of strips imprinted on the chip was identified, the distance between the cutting edge 
and the top end of the micro-textured strip on the cutting insert represented 𝑙𝑐 as shown in Fig.  4. The number of strip embossing 
was recognized and counted using a Nanofocus 𝜇surf 3D confocal microscope. In this case, an objective with a magnitude of 20x 
for the chip surface and an objective with a magnitude of 50x for the cutting tool, a numerical aperture of 0.4, and a resolution in 
the height direction of 6 nm was used. In Fig.  4, it can be observed that inverse imprints of the micro textures of the tool in the 
chip surface. As the figure shows, there is no selectivity of the texturing shown. In the analyses, impressions of up to 5 μm were 
considered as ‘‘blur’’.

In addition, temperatures were measured in the tool to further and thus fully validate the simulations. Using electrical discharge 
machining, bores with a diameter of 0.3 mm, to fit thermocouples of Type K with a diameter of 0.25 mm, were made in the tools 
at geometrically defined points according to Fig.  4(b). As shown in the figure, the holes are used to measure temperatures at two 
positions: T1 is the measured near to the rake face and T2 indicates the boundary temperature for the simulation Therefore, this 
study performs five experiments to validate the temperature results from the numerical models and ensure the accuracy of thermal 
property predictions. This work considers a half factorial test design in order to verify that the simulated temperatures are within 
an acceptable range. Cases 1, 5, 13, 14, and 15 were chosen from the central composite design of experiments for this purpose.
4 
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Fig. 4. (a) Analogy between the micro-textured rake face and emboss on the chip (b) Computer-aided drawing of cutting tool for temperature measurement 
Ellersiek et al. [33].

Fig. 5. Initial geometry and boundary conditions of simulation setup.

2.2. Simulation setup

The Finite element (FE) modelling was performed using a commercial software package MSCMarc [34] solver and the pre- and 
post-processor MENTAT. MARC uses the updated Lagrangian formulation in conjunction with continuous remeshing. A multifrontal 
direct sparse solution employing the entirety of the Newton–Raphson iterative procedure was utilized. In order to simulate the 
cutting process with a high degree of accuracy, the time step size was determined by the minimum element edge length and cutting 
speed.

The remeshing is dependent on strain change in the elements, which when exceeds the predetermined threshold, a new mesh 
is created. Since during remeshing the current state of the new mesh is interpolated from the previous mesh state, high frequency 
of remeshing can lead to deviations in the result as shown by Klocke et al. [35]. Hence, remeshing was conducted at every fifth 
increment in order to ensure the preservation of element quality, thereby ensuring the generation of valid results. Outputs were 
extracted at every fourth increment, thereby achieving an effective balance between the requirement for accurate data and the 
necessity for remeshing.

The simulation setup for the two-dimensional orthogonal cutting process, consists out of five objects as shown in Fig.  5, which 
are: the cutting tool, an elasto-plastic part of the workpiece, an elastic part of the workpiece, a holder, and a heat sink. The 
geometry used in this simulation is widely recognized and has been successfully employed in multiple studies [30,31,36], which 
consistently produced validated results. Leveraging this well-established geometry ensures confidence in the reliability and accuracy 
of the simulation outcomes, as they align with experimentally verified data. The simulation features a cutting tool fixed in space 
(v𝑇𝑥,v𝑇 𝑦 = 0) with a heat sink exhibiting a surface temperature of 25 ◦C (T𝑇 ). The temperature and velocity boundary condition of 
the workpiece is given by the workpiece holder. Therefore, the resulting velocity’s can be described as v𝑊 𝑦 = 0 and v𝑊 𝑥 = 𝑣𝑐 , and 
the thermal boundary condition as T𝑊  = 25 ◦C. The cutting tool is meshed with an adaptive mesh size with a minimum element 
edge length of 6 μm in the area of interest. This approach is consistent with studies such as, [27,30] particularly in the contact area 
between the chip and tool.
5 
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Table 3
Johnson–Cook Parameter.
 𝐴 𝐵 𝐶 𝑛 𝑚  
 (MPa) (MPa) (–) (–) (–)  
 595 580 0.023 1.03 0.133 

Table 4
Temperature dependent Thermo-Physical properties of the investigated AISI4140.
 𝑇 𝐸 𝜌 𝑐𝑝 𝜆 𝛼 𝜈  
 in ◦C in MPa in kg∕m3 in J∕kg K in W∕mK in 1∕K in (−) 
 20 212000 7834 – 42 1.15E−05 0.285 
 50 210000 7826 464 42.4 1.18E−05 0.286 
 100 207000 7811 484 42.6 1.22E−05 0.287 
 200 199000 7781 522 41.8 1.27E−05 0.29  
 300 175818 7748 564 39.7 1.32E−05 0.293 
 400 155818 7714 616 37.1 1.37E−05 0.297 
 500 140000 7678 682 34.5 1.41E−05 0.302 
 600 113818 7641 780 32.2 1.45E−05 0.311 
 700 91091 – 958 31.9 – –  
 800 90000 – 596 26.8 – –  

The elasto-plastic part and the elastic part of the simulation are forming the workpiece and an element type of hex-mesh with a 
plain strain condition. To optimize the simulation efforts, use of remeshing is allowed only in the elasto-plastic zone. The dimensions 
of the modelled elasto-plastic and elastic zones for the investigated material have been influenced by previous research [30,36–43], 
which provided the fundamental insights for this study. In case of elasto-plastic zone, the mesh size in the contact zone during 
remeshing process is critical for generating reliable results. A straightforward selection process of the mesh size for such a wide 
variety of process parameters does not always ensure optimal outcomes. Therefore, multiple mesh size conditions are considered, 
based on different ranges of uncut chip thickness and occasionally the cutting-edge radius. Barge et al. [9] demonstrated that optimal 
results are achieved by fitting 20 elements within the area of uncut chip thickness. Consequently, the minimum mesh size of the 
workpiece (𝜉𝑚) is calculated using the formula 𝜉𝑚 = ℎ∕20, where ℎ represents the uncut chip thickness. However, for very small 
uncut chip thickness less than 0.02 mm having 20 elements would greatly increase computational effort hence for such cases a 
fixed element size of 5 μm were used. To reduce the computational effort of the simulation, only the plastic part is subjected to 
deformation and re-meshing. This allows the stress and strain zone of influence to reach the elastic part, but with less computing 
time and a more accurate simulation. The heat transfer coefficient 𝛼𝑎𝑖𝑟 with the environment for both the workpiece and cutting 
tool is set to 50 W/(m2 K) as suggested by Stampfer et al. [30].
Material Modelling

The workpiece material composition regarding the experimental workpiece material is modelled as temperature-dependent 
physical properties as discussed by Richter [44], Agmell et al. [31] and Sarmiento et al. [45]. Table  4 outlines the employed 
temperature-dependent thermo-physical properties of the workpiece used to model the simulations. The plasticity of the plastic 
zone of the workpiece is modelled using the well-known and researched flow stress model for cutting simulation by Johnson and 
Cook [46] and Zerilli and Armstrong [47] shown in Eq. (1). 

𝜎𝑓 =
[

𝐴 + 𝐵𝜖𝑛
]

[

1 + 𝐶 ln
(

𝜖̇
𝜖̇0

)][

1 −
(

𝜃 − 𝜃RT
𝜃m − 𝜃RT

)𝑚]

(1)

This model is widely used to analytically express equivalent flow stress 𝜎𝑓  in machining where 𝜖 is the equivalent strain, 𝜖̇ is the 
plastic strain rate, 𝜖̇0 denotes the reference plastic strain rate, 𝑇  represents the material temperature, 𝑇𝑚 is the melting point of the 
material and 𝑇0 is the room temperature. Further, the five parameters describing the material behaviour are coefficient 𝐴 denoting 
the yield strength, 𝐵 the hardening modulus, 𝐶 the strain rate sensitivity coefficient, 𝑛 the hardening coefficient and 𝑚 the thermal 
softening coefficient. The parameters were selected according to previous work done initially by Agmell et al. [31] and were adopted 
by Sauer et al. [37] are given in Table  3.

Along with other boundary conditions, heat is generated by the deformation of the elasto-plastic zone. Therefore, as suggested 
by Svoboda et al. [48] and investigated by Özel [49] and Shi et al. [50] the heat flux for plastic deformation allows Marc to convert 
90% of the plastic work into heat.

The thermo-physical properties for the cutting tool are given in Table  5 for the atmospheric temperature of 25 ◦C according to 
Reeber and Wang [51], Upadhyaya [52] and Kayser [53]. The model is configured to simulate five output parameters, which are 
the shape of the chip, the stress–strain curve, the temperature distribution, and the cutting forces. These parameters are analogous 
to those observed in the experimental results.
Contact Modelling

The tool-workpiece contact modelling plays one of the most vital roles in the accuracy of an orthogonal cutting simulation model. 
In the extensive literature available for modelling tool chip friction, two models that are found to be a common practice are the Shear 
friction law and Coulomb’s friction law. In this case a recent work by Holey et al. [54] is used to determine the friction behaviour 
6 
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Table 5
Thermo-physical properties of Tungsten carbide.
 𝜆 𝑐𝑝 𝜌 𝐸 𝛼𝑟  
 W/mK) (J/kg K) (g/cc) (MPa) (K−1)  
 80 180.54 15.7 7.17𝐸+5 5.5𝐸−6 

Table 6
Dependency table of total length of cut on uncut chip thickness.
 Conditions Total length of cut First length of cut Second length of cut 
 𝑙𝑐𝑢𝑡 (mm) 𝑙𝑐𝑢𝑡1 (mm) 𝑙𝑐𝑢𝑡2 (mm)  
 0.01 ≤ ℎ < 0.05 2.5 1 1.5  
 0.05 ≤ ℎ < 0.1 3 1 2  
 ℎ < 0.1 3.5 1 2.5  

Fig. 6. Considered in- and output of the simulation.

using a multiscale approach under the framework of skiving parameters are suggesting a Coulomb friction law as shown in Eq. (2) 
with a varying friction coefficient 𝜇 and shear stress 𝑘 depending on the normal stresses applied to the contact and therefore the 
frictional stress 𝜏𝑓 . 

𝜏𝑓 (𝜎𝑛) =

{

𝜇(𝜎𝑛)𝜎𝑛, 𝜎𝑛 < 𝜎𝑌 ,
𝑘(𝜎𝑛), 𝜎𝑛 ≥ 𝜎𝑌 ,

(2)

Further, the heat transfer coefficient between the formed chip and tool is given as a constant parameter as suggested by Özel [49] 
and set to 5𝐸 + 5 W∕m2 K.

Simulation Methodology
The fact, that only a fraction of the realistic cutting time of the orthogonal cut is being represented by the simulation, some 

additional conditions are taken into account to reach the thermal steady state for an appropriate representation of the experiments. 
The chosen strategy, consisting of a two-step simulation process, for faster attainment of the thermal steady state while maintaining 
the accuracy of the outcomes. A study conducted by Lorentzon and Järvstråt [55] has proposed a way of lowering the tool’s specific 
heat capacity to achieve the tool’s experimental temperatures faster within the simulations. This work adopts this idea and splits the 
simulation into two parts and follows the strategy shown in Table  6. By default, the total cutting length also known as the length 
of cut (l𝑐𝑢𝑡) is set to 3 mm.

The simulation is implemented in two-step. The first step of the simulation has a length of cut (𝑙𝑐𝑢𝑡1) of 1 mm, with the cutting 
tool specific heat capacity (𝑐𝑝) set to almost zero of 2.3 𝐸−7 J∕(kg K) to ensure numerical stability of the simulation. After the first 
simulation ends, the results of the first simulation are transferred to the second step with steady-state temperature condition of the 
cutting tool. According to Table  6 the second cutting simulation is started with the desired length of cut (𝑙𝑐𝑢𝑡2) and the heat capacity 
𝑐𝑝 is set to 180.54 J∕(KgK) referring to Table  5. Once simulation step two is finished the post-processing of the results of interest, 
in detail the cutting force 𝐹𝑐 , passive force 𝐹𝑝, contact length 𝑙𝑐 , normal pressure distribution 𝜎𝑛, temperature in contact 𝑇𝑐 and the 
sliding velocities 𝑉𝑠 are extracted (Fig.  6).

2.3. Automated tool setup and regression modelling

Development of successful prediction models can only be achieved through effective database production. This study focuses on 
developing an automated setup to generate a comprehensive database of input and output parameters (see Fig.  6). The setup fully 
automates the creation and result extraction of a wide range of simulation models and therefore generating the needed databases 
for training regression models as illustrated in Fig.  7. This allows to develop a data-driven prediction model, that minimizes the 
calculation time of the contact behaviour during machining, since the finite element-based numerical simulations are known to be 
very computationally costly and time-consuming. Depending on the input parameters, the automated workflow required 45–120 min 
to successfully execute the FE-simulation model. The automation part of this workflow encompasses the following:

• Iterative generation of FE models over the wide range of input process parameters.
• Automated data extraction of the key output parameters, eliminating manual post-processing and reducing human errors.
7 



F. Sauer et al. Simulation Modelling Practice and Theory 142 (2025) 103107 
Fig. 7. Schematic diagram of the simulation setup.

• Integrated regression models accelerate the prediction of complex, non-linear relationships between input parameters and 
thermo-mechanical properties.

Additionally, this script-based tool offers flexibility and control to accommodate various new requirements. A basic graphical 
user interface (GUI) exists to toggle between pre-processing, post-processing and forecasting modes. The following section explains 
the software architecture, describing the tool’s modularity:

• Pre.py: It is capable of handling core tasks, including the reading of user inputs from Excel (e.g. geometrical features and 
boundary conditions, process parameters, material selection and initial mesh size), the generation of *.proc files, the creation 
of FEM models in Mentat, the monitoring of execution status, and the batch processing of multiple test cases.

• Post.py: It uses the PyPost API to parse *.sts files, extract nodal data, normalize incremental data, compute mean values, and 
export results as plots or *.csv files.

• Predictor.py: Loads trained models from *.pkl files for output prediction. Training and testing is performed externally.
8 
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Fig. 8. Data validation workflow.

• Connector.py: Integrates all subprograms, providing a user interface for task selection (Pre-, Post-Processing, Forecast) and 
data input or test case selection.

2.3.1. Parameter identification and design of experiments
The workflow presented in the following section is a widely adopted approach in data mining processes [56]. Several studies, 

including those by Lostado et al. [57], Dong et al. [58] and Peng et al. [59], have employed finite element (FE) simulation 
models to generate initial datasets for training and testing various regression models. However, many of these studies do not 
offer a comprehensive approach that combines both experimental and simulation-based methods to develop more robust and valid 
regression models. Thus, this work encompasses all three main stages which are the experimental stage, simulation stage and 
prediction stage, while validating each step through a well-defined and diverse design of experiments. Therefore, multiple DOE’s 
has been generated for each of the phases (see Figs.  8, 9).

In the earlier section, the experimental phase featuring central composite design under boundary conditions of one specific gear 
skiving process is already described in (Fig.  3). However, for the next phases the range of input process parameters is set, keeping 
the bigger picture in consideration. According to Vargas et al. [60], it is common to observe large negative local rake angles, when 
manufacturing external gears with small axis crossing angles. Consequently, this project primarily focuses on 𝛾 up to −35◦, but 
simultaneously also considers positive rake angles up to 5◦ as were observed during skiving of internal gears and were investigated 
by Arndt et al. [28], Sauer et al. [27] and Hilligardt and Schulze [29]. To develop such a regression model capable of predicting the 
thermo-mechanical properties of almost all gear skiving processes, different DOEs were considered. This included training, testing, 
and cross-examination, with a total of 250 test cases for simulations, all within the range of the gear skiving parameter fields.

Thus, according to these conditions, the cutting velocity ranges from 100 m∕min to 200 m∕min and the uncut chip thickness from 
0.02 mm to 0.2 mm. Among these 250 simulations, 200 were used to train and test the models and 50 were used to cross-examination 
the prediction quality. The cross-examination ensures that the model’s performance is not a consequence of biased train–test split, 
but a genuine representation of its ability to make predictions to unseen data [61].
For training and testing purposes: Classical factorial experimental designs that were used in the experimental stage do not suit 
the deterministic nature of simulations, which produce a single output for each specific input. According to Viana [62] a strong 
space-filling feature is of the utmost importance because it ensures adequate coverage of the design area and enhances the likelihood 
of including the majority of levels for each factor. Such a sampling technique trains the models efficiently and increases the odds 
of accurate extrapolation of prediction models. Multiple DOEs that are independent of statistical assumptions like Hammersley, 
Improved Latin hypercube sampling (ILHS) are examined. However, Hammersley DOE, which has the best space-filling property, 
is used to create the initial 200 data points used by the automated simulation model to run on and build the database for training 
prediction models as shown in Fig.  9(a). According to Larson [63], the use of the same training data set for an algorithm may result 
in overoptimistic outcomes. Therefore, the 200 data points were partitioned using train–test tools to randomly allocate the dataset 
into 80% for training and 20% for testing. This ensured that the models were both trained and validated effectively.
For cross-examination purposes: The objective of the cross-examination in this study is to conduct a detailed examination of 
the absolute error metric, with the aim of ensuring that the prediction models are subjected to rigorous testing and validation 
based on their evaluation of absolute-unit deviations. As stated by Arlot and Celisse [61] the practical limitations of real-world 
applications result in the necessity for data splitting due to the unavailability of extensive data sets. The choice of data splitting 
method will inevitably result in different validation estimates. However, in this study, new data can be readily generated using the 
automated tool. According to Viana [62], the combination of different DOE strategies will lead to more reliable prediction models. 
To accomplish such a task effectively, the utilization of a stochastic design strategy is logical. This strategy ensures comprehensive 
testing of the models with a smaller number of runs, thus contributing to the efficiency of the process. So, Monte Carlo fits these 
criteria the best and is used to create the rest 50 data points that are further simulated using the automated simulation tool as shown 
in Fig.  9(b).
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Fig. 9. Overview DOE’s for simulation (a) Hammersley DOE for simulation purpose (b) Monte Carlo for Validation purpose.

2.3.2. Architecture and implementation of regression models
To design the architecture of the prediction models, a hybrid approach is adopted. The orthogonal cutting mechanics is a complex 

nonlinear system. Not all the results can be directly predicted using a conventional regression method. Hence, this work presents a 
novel approach which combines multiple machine-learning approaches depending on the non-linearity of the outputs and builds a 
system to train six models based on the range of input process parameters indicated in Fig.  10. In the realm of machine learning, 
the outputs are also termed dependent variables and the inputs are termed predictor or independent variables. The architecture of 
the model training technique is stated as follows:
Inputs/Predictors: It is discussed earlier that, the three predictors (cutting speed 𝑣𝑐 , uncut chip thickness ℎ and rake angle 𝛾) are 
varied using Hammersely experimental (200 test cases) according to Fig.  9.
Stage 1 of Dependent variable: The model predicts the single-valued outputs in the first stage. These include the cutting normal 
forces, the tangential passive force experienced by the tool and the average contact length value.
Stage 2 of Dependent variable: In the second stage, the prediction criteria are not as straightforward as the prior and these are 
dependent on an additional pseudo predictor. As shown in Fig.  11, the thermo-mechanical properties of the contact region (sliding 
velocity 𝑣𝑠, temperature 𝑇  and normal stress 𝜎𝑛) are not a single averaged value but instead a non-linear curve over the contact 
length. Within Fig.  11, it is also illustrated that this study adopts the theoretical premise of regarding the material separation zone 
as the initial point for calculating the positive contact length of the chip and tool over the rake face. Consequently, the contact zone 
of the chip and tool on the flank side is designated as the negative contact length [37,64]. In addition to the total contact length, the 
sticking zone can also be identified in accordance with the description provided by Zorev [65]. The value of 𝑙𝑠 can be calculated when 
the relative sliding velocity 𝑣𝑠 of the chip is almost zero. This is the initial adhesion zone of contact, where the shear strength S1 is 
S1 < 𝜇𝜎𝑠𝑚𝑖𝑛 [66]. Model 6 illustrated in Fig.  10 was used to predict the rate of change of sliding velocity 𝑣𝑠, across the contact length 
𝑙𝑐 . Later in the study, the resulting sliding velocity values were then employed to determine the stick length 𝑙𝑠. For such complex 
forecasting, the stage 2 models (model 4, 5, 6 as shown in Fig.  10) need to be trained in a discretized approach. This involves 
predicting the thermo-mechanical values for each discretized positional value of a specific test case scenario and subsequently 
combining them to form the desired curve. During the training of the stage 2 models as illustrated in Fig.  10, the models are not 
conditioned on a single output per each test case. Instead, training is performed using a combination of the initial predictors along 
with a distribution of positional values across the contact length. This positional distribution spans from 0 to the maximum contact 
10 
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Fig. 10. Architecture of regression algorithm.

Fig. 11. Graphical illustration of contact interaction.

length value, with 10 μm intervals. Three selected methods are employed and compared for the final ecosystem: (1) curve fitting 
through analytical prediction models, (2) polynomial regression fitting and (3) the Random forest regression algorithm.

While curve fitting and polynomial linear regression offer better transparency and user accessibility, it is also not a suitable 
choice when the non-linearity between the predictor and outcomes increases. In such scenarios, the selection algorithm prioritizes 
Random Forest regression. Instead of constructing an equation for forecasting purposes like curve fitting and polynomial regression, 
Random Forest regression tackles such issues using regression trees [67]. This order of selection essentially focuses on the need 
for a more powerful model to capture the complex non-linear relationships, while acknowledging that the transparency declines 
as the algorithm progresses from curve fitting to the more obscured nature of the Random Forest regression method. Curve-fitting 
and polynomial models are computationally less intensive to train and maintain in comparison to the Random Forest method. 
Furthermore, since Random Forest, by default, assumes non-linearity of the relationship [68], it is susceptible to overfitting in the 
event of a linear relationship. Consequently, it is only selected when a significant non-linearity is identified between predictors and 
dependent variables.

The R-squared score is used as the effectiveness metric. It demonstrates how well the model is performing in predicting the 
proportion of variance in a dependent variable. If the collective R-squared score of the 200 test cases for the first method is greater 
than the criteria of 0.90 then the method is selected; otherwise, the algorithm moves to the next substantially stronger regression 
model as illustrated in Fig.  12. The selection algorithm is repeated six times for each dependent variable. The stage 1 models involve 
single-value predictions and are comparably simpler. The model developed by Kienzle [69] was utilized to predict the specific cutting 
and passive forces. According to the Kienzle model, a power function portrays the impact of ℎ and 𝑣𝑐 , while an exponential function 
depicts the influence of 𝛾 on the forces. The following equation was used with a curve-fitting prediction model to forecast the 𝐹
𝑐
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Fig. 12. Flow diagram for prediction model evaluation.

(Eq. (3)) and 𝐹𝑝 (Eq. (4)) respectively, where, 𝑎, 𝑐1, 𝑐2, 𝑐3 are coefficient of determination for the curve fitting model. 

𝐹𝑐 = 𝑎 ⋅ 𝑣𝑐1𝑐 ⋅ ℎ𝑐2 ⋅ 𝑒𝑐3𝛾 (3)

𝐹𝑝 = 𝑎 ⋅ 𝑣𝑐1𝑐 ⋅ ℎ𝑐2 ⋅ 𝑒𝑐3𝛾 (4)

Nevertheless, identifying a suitable equation for implementing a curve-fitting model to predict contact length proves to be 
challenging. While this work focuses on forecasting 𝑙𝑐 based on ℎ, 𝑣𝑐 and 𝛾, it is acknowledged by Zadshakoyan and Pourmostaghimi 
[17] that several other factors also influence tool-chip contact. Therefore, a polynomial linear regression model with a coefficient 
degree of 5 was adopted to predict 𝑙𝑐 .

As previously stated in Fig.  10, the stage 2 of forecasting deals with complex outputs that are contact zone dependent. In this 
stage, besides analysing single-value deviation, gradient analysis of the graphs is also necessary. A variation in the contact length 
leads to a change in gradient. Especially when the total contact length (𝑙𝑐) is small, it causes high gradients of the 𝑇𝑐 , 𝜎𝑛 and 𝑣𝑠
results and conversely, when 𝑙𝑐 increases, the gradient decreases. Such complex non-linearity between the predictors and outputs 
necessitated the use of polynomial a decision tree-based regression models. In the case of 𝑇𝑐 , the graph exhibits a sinusoidal nature, 
but there is no noticeable pattern observed for 𝑣𝑠 and 𝜎𝑛. Thus, Random Forest regression was employed for 𝑣𝑠 and 𝜎𝑛, while the 
less powerful but more transparent model of polynomial linear regression with a coefficient degree of 6 was chosen for predicting 
𝑇𝑐 .

2.4. Utilization of the tool for gear skiving process

The developed prediction models of the 2D-abstraction of the variables of the gear skiving can be applied to predict the forces 
acting on the cutting edge during the actual process. The experimental results were obtained from Ref. Sauer et al. [27], using a 
test machine Pittler PV315 SkivLine with test specimens the same type as used in the orthogonal cutting tests as well as the same 
cutting rounding and tool coating. The cutting strategy consists of a 10-infeed strategy with a constant radial infeed of 10% each. The 
forces were recorded with a Kitler dynamometer of type 9124B during the tests. The time-varying parameters of the process under 
investigation as shown in Table  2, researched excessively in previous researches by Arndt et al. [28], Sauer et al. [27], Hilligardt 
and Schulze [29] were analysed for that purpose.

The input variables required for the prediction model, 𝑣𝑐 ℎ and 𝛾, according to Fig.  10 were extracted according to Fig.  13. 
For each time step (tool rotation angle in the diagram), the contact length 𝑐𝑙 and normal stress distribution 𝜎𝑛, 𝑇𝑐 and 𝑣𝑠 were 
determined. In the following step, the local tangent was determined at the corresponding points of the tool and the contact length 
was applied orthogonal to it (cf. Fig.  2). With the specified discretization of the models of 0.01 mm, the local 𝑥 and 𝑦 values of the 
normal stress were determined as a function of the contact length and rotation angle using Eq. (5). 

(

𝑥𝑐𝑙𝑡
𝑦𝑐𝑙𝑡

)

=
(

𝑥𝑐𝑢𝑡𝑡𝑖𝑛𝑔𝑡𝑜𝑜𝑙
𝑦𝑐𝑢𝑡𝑡𝑖𝑛𝑔𝑡𝑜𝑜𝑙

)

+ 𝑐𝑙𝑡,𝑥,𝑦 ×
(

𝑥𝑛𝑜𝑟𝑚
𝑦𝑛𝑜𝑟𝑚

)

(5)

The contact area 𝐴𝑐𝑙 results from the value of the contact length and the discretization of the cutting edge therefore d𝐴 = d𝑥d𝑦. 
The resulting normal force acting on the rake face of the gear skiving tool can be predicted using the information collected from 
the local dependent 𝜎𝑛 and 𝑐𝑙 according to Eq.  (6). 

𝐹 (𝑡) = 𝜎𝑛(𝑥, 𝑦, 𝑡) d𝐴𝑐𝑙 (6)
∫ ∫𝐴
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Fig. 13. Identified parameter fields of the considered gear skiving process using OpenSkiving [26].

3. Results and discussion

3.1. Evaluation of FE-simulation

The validation of the simulation is based on the following properties: 𝐹𝑐 , 𝐹𝑝, 𝑙𝑐 , 𝑇𝑐 and ℎ𝑐 . Fig.  14 compares the simulated and 
experimental results for the 15 test cases stated in Fig.  3, providing insights into the percentage deviations.
Cutting and Passive Force (𝐹𝑐 , 𝐹𝑝) — The achieved results validate the fundamental nature of 𝐹𝑐 and 𝐹𝑝 : the forces increase as 
the ℎ increases and the rake angle 𝛾 becomes more negative. Further, a slight decrease of 𝐹𝑐 and 𝐹𝑝 is noticed when the 𝑣𝑐 increases 
while keeping the other two parameters constant. These observations are consistent with the results of the research of Sivaraman 
et al. [70] and Mustafa Özdemir and Yilmaz [71]. This general behaviour of the measured forces is also reflected in the simulations, 
although there is an overestimation of 𝐹𝑐 and 𝐹𝑝 during high negative rake angle (𝛾) and an underestimation for steeper rake angle 
(𝛾) conditions.

The numerical model yields more accurate simulated results for 𝐹𝑐 , with an average deviation of 5%, compared to 𝐹𝑝, which 
has an average deviation of 12%. This is anticipated as the material flow models like those from Agmell et al. [31] and other recent 
studies such as Stampfer et al. [30] and Bergs et al. [32] show a similar trend.
Contact Length (𝑙𝑐) — The presented experimental investigation illustrates excellent agreement with the simulation model with 
an average deviation of 5% with experiments and hence confirms the friction modelling for AISI4140 under the considered process 
parameters.

Temperature (𝑇𝑐) — A comparison of experimental data and simulations indicates a satisfactory correlation, thereby validating the 
authenticity of the simulation model. However, it is also observed that the simulation model has overestimated the temperature 
values throughout the five chosen test cases. This behaviour might be due to the fact, that the temperature of 𝑇1 in the simulation 
is not considering the heat transfer coefficient between the tool and the thermocouple. Further, since the 𝑇𝑐 is placed close to the 
cutting zone, where also high temperature gradients are evident, even a small manufacturing error can influence the measurements 
significantly.

An overall comparison of the results shows very good agreement between the experimental results and the simulation results, 
which therefore makes the simulation suitable for regression modelling.
Chip Thickness (ℎ𝑐) — Aside from the aforementioned properties, deformed chip thickness (ℎ𝑐) is also taken into consideration for 
validation purposes. The simulations were modelled using dry friction parameters and the produced results corroborate well with 
the experimental values. The model overestimated ℎ𝑐 for all test cases with an average deviation of 12% and a maximum deviation 
of 20%. Given that the measurements are on the micron scale and the maximum deviations amounts to 30 μm approximately, the 
values are well within the acceptable limits.

Moreover, the strong correlation between the simulated and experimental results, further supports the accuracy of the chip 
formation model. The simulation model consistently replicates the chip thickness ℎ𝑐 and contact temperature 𝑇𝑐 within the 
boundaries of the observed deviations.

3.2. Evaluation of prediction models

In the initial step of evaluation, the data generated with the 200 simulations are compared with the regression data obtained 
from the six different models, as illustrated in Fig.  15. As previously stated in Section 2.3.1, a 20% of the 200 data points was set 
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Fig. 14. Comparison of experimental and simulation results for 𝐹𝑐 , 𝐹𝑝, 𝑙𝑐 , 𝑇𝑐 and ℎ𝑐 .

aside for testing purposes, thereby ensuring that model validation was conducted on new data. The closer the data points are to the 
reference line, the more accurate the prediction models are. For the majority of the models, data points are close to the reference 
line, demonstrating the high robustness of the selected models. However, certain sections of the models deviate from the reference 
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Fig. 15. Original versus predicted data of (a) 𝐹𝑐 cutting force, (b) 𝐹𝑝 passive force, (c) 𝑙𝑐 contact length, (d) 𝑇𝑐 contact temperature, (e) 𝜎𝑛 contact pressure, (f) 
𝑉𝑠 sliding velocity.

line. The analysis of Fig.  15 suggests that the following regression values of the respective models may deviate when (a) 𝐹𝑐 > 2000 
N, (b) 𝐹𝑝 > 3000 N, (c) 𝑙𝑐 > 0.4 mm, (d) 𝑇𝑐 < 650 ◦C, (e) 𝜎𝑛 < 600 MPa or 1700 < 𝜎𝑛 < 1900, (f) 𝑉𝑠 > 2500 mm/s or 𝑉𝑠 < 500 mm/s.

In the second stage of evaluation, the 50 test cases generated using the Monte Carlo experimental design were utilized to cross-
examine the forecasting deviation in absolute values rather than percentages, as discussed earlier in Section 2.3.1 on the importance 
of absolute error analysis. Fig.  16 demonstrates the five highest deviated values for 𝐹𝑐 , 𝐹𝑝 and 𝑙𝑐 . Upon further investigation of Fig. 
16, it can be concluded that a combination of high ℎ, 𝑣𝑐 and a negative 𝛾 may result in a greater degree of deviation.

Despite the combined R-squared scores depicted in Fig.  15 being excellent, it was observed that certain test cases exhibited very 
low R-squared scores for the stage 2 models of Fig.  10. A thorough investigation of the 50 test cases was conducted for each output 
in stage 2, with selected results presented in Fig.  17. It was noted that for test cases with low R-squared scores, the actual values 
were not significantly deviated. For instance, Fig.  17(1) demonstrates the worst prediction scenario for temperature with a 𝑅2 score 
of 0.30, but it is acceptable given its real deviation is only 50 ◦C and resulting in a deviation of less than 10% from the numerically 
simulated value.

3.3. Interaction of process parameters on contact properties

The aforementioned work has established the groundwork for the analysis of tool-chip contact interactions in the secondary 
deformation zone, with a particular focus on the investigation of thermo-mechanical loads. In the following section, the collinear 
relationship between the process parameters (inputs) and the contact properties (outputs) is investigated. In Fig.  18 shows the 
correlation matrix of the investigated in- and outputs. The correlation matrix indicates whether the relationship is strong linear 
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Fig. 16. Top 5 deviated test cases under cross-examination of Stage 1 models to forecast (a) 𝐹𝑐 cutting force, (b) 𝐹𝑝 passive force, (c) 𝑙𝑐 contact length.
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Fig. 17. Investigation of best and worst test cases under cross-examination of Stage 2 models to forecast (1) 𝑇𝑐 contact temperature, (2) 𝜎𝑛 contact pressure, 
(3) 𝑉𝑠 sliding velocity.
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Fig. 18. Correlation matrix between input parameters and output properties.

(values close to 1 or −1) or it has weak or no linear relationship (values around 0). In addition, a positive value represents a positive 
correlation, whereas a negative value represents a negative one. The key insights that are observed in Fig.  18 are as follows:
Cutting Velocity 𝑣𝑐 :

• The cutting velocity shows a minimum linear relationship, indicating that within the three considered input parameters, 𝑣𝑐
has the least effect on the contact properties.

• For contact length (𝑙𝑐) and for the sticking zone of the contact length (𝑙𝑠) where the relative sliding velocity (𝑣𝑠) is 
approximately zero or very low, 𝑣𝑐 has almost no effect.

• A moderate negative correlation with 𝐹𝑝 and a weaker negative correlation is present with 𝐹𝑐 suggest that increasing 𝑣𝑐 slightly 
reduces 𝐹𝑐 and 𝐹𝑝.

• A notable positive correlation is observed with maximum contact temperature (𝑇𝑐max), due to higher sliding velocities and 
therefore higher thermal generation. According to Altintas [72], the friction power 𝑃𝑢 ∝ 𝑣𝑐 . As the 𝑣𝑐 increases, 𝑃𝑢 also rises. 
Consequently, the power utilized in the tool-chip contact is dissipated in the form of heat, leading to an increase in temperature 
𝑇𝑐 .

Uncut chip thickness h:

• ℎ plays the most significant role in determining the contact properties.
• The relationship with 𝐹𝑐 , 𝑙𝑐 , 𝑙𝑠, 𝜎𝑛max, 𝑇𝑐max is strong and positively linear. This indicates that thermo-mechanical properties 
are highly dependent on the amount of material removed and increase with the uncut chip thickness. Since higher uncut chip 
thickness leads to a higher required force for separation, it results in high normal stress.

• Elevated normal stress distribution within the contact area due to increased ℎ results in greater heat generation from friction.
• Only ℎ has a direct effect on the contact length while 𝑣𝑐 and 𝛾 has little to no effect.

Rake Angle 𝛾:

• The correlation between the rake angle 𝛾 and the maximum normal stress 𝜎𝑛max is negative, indicating that as the rake angle 
tends to negative values, the contact normal stress on the cutting tool increases.

• A moderate negative correlation is observed between 𝛾 and 𝐹𝑝.
• No notable relationship was found between the 𝛾 and 𝑙𝑐 , but a negative correlation was observed between 𝛾 and 𝑙𝑠. According 
to the postulates stated by Rubenstein [66], the chip adheres to the tool when the shear strength S1 is 𝜎𝑛max > S1 > 𝜎𝑛min. 
It continues to adhere until S1 matches 𝜇𝜎𝑛. Since a higher negative rake angle increases 𝜎𝑛max, the chip’s sticking length 
increases until S1 reaches the maximum normal pressure value, as a result 𝑙𝑠 increases.

3.4. Effects of varied process parameter combination on contact behaviour

The preliminary analysis using the correlation matrix in Fig.  18 provides a general understanding of which process parameters 
influence the thermo-mechanical loadings the most. Yet it does not establish the nature of correlation nor does it convey a more 
thorough analysis of the combined impact of multiple input parameters on the output properties. To achieve this task, this study used 
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Fig. 19. Interaction plots of (a) 𝐹𝑐 cutting force, (b) 𝐹𝑝 passive force, (c) 𝜎𝑛max maximum normal contact pressure.

the aforementioned multi-variate regression modelling to interpolate and extrapolate all points inside the considered data space. 
This approach served two purposes: first, to extract deeper insights and second, to verify the tool’s prediction capabilities. A data 
space was created using an equal interval of 15 steps for each of the three input parameters, resulting in a total of 3375 test cases. 
For classification, one simulation is contingent upon the input conditions and ranges from 45 to 120 min. The mean simulation 
time is 85 min (approximately 1.42 h), which would normally entail a data production time of 276,750 min for 3375 test cases. 
However, the implementation of the prediction model has reduced this time to 112.5 min, thereby significantly reducing the time 
demand. The use of the prediction model has resulted in a time reduction by a factor of 2460 compared to the use of the FEM 
simulation for 3375 test cases.

3.4.1. Correlation study of investigated properties using interaction plots
Merely demonstrating a correlation is insufficient, rather the nature of the relationship is also vital. To achieve it, interaction 

plots were created to understand the mixed impact of the critical input parameters. In Fig.  18, it is observed that ℎ is the most 
influential cutting parameter, followed by 𝛾 as the second most important process parameter to consider. Notably, for maximum 
contact temperature 𝑇𝑐 , the cutting velocity 𝑣𝑐 plays a greater influential role than 𝛾. Hence, for the interaction plots it was decided 
to examine the relationship between ℎ and the output properties, with varying metric for various 𝛾 in machining process as shown 
in Figs.  19 and 20. Except in Fig.  20(c) the plot shows a relationship between ℎ and 𝑇𝑐𝑚𝑎𝑥 with varying 𝑣𝑐 to explore their combined 
effect.

Both Figs.  19 and 20(right) include a shaded band in the background of each curve. This band represents the aggregated data 
for repeated predictions under the same ℎ and 𝛾 conditions but with different 𝑣𝑐 values. The band shows the mean and the 95% 
confidence interval, providing a visual indication of the variability and reliability of the results. Since 𝐹𝑐 and 𝐹𝑝 were modelled 
using Kienzle model (Eqs.  (3) and (4)), a linear relationship with ℎ is expected, as long as the minimum uncut chip thickness is 
reached. For 𝐹𝑐 , the data shows a consistent inclining trend showing nearly linear relationship. However, for 𝐹𝑝 at higher ℎ, the 
lines show minor deviations of linearity (see Fig.  19(b)). For each rake angle 𝛾, the increase in 𝐹𝑐 and 𝐹𝑝 is fairly linear, but the 
slope of the lines increases as the 𝛾 becomes more negative. This shows the forces increases in a faster rate for negative 𝛾. These 
initial observations of cutting forces align well with findings from previous studies by Karpuschewski et al. [73] and Salehi et al. 
[74].

In Fig.  19(c) the relationship between maximum normal stress 𝜎𝑛𝑚𝑎𝑥 and uncut chip thickness ℎ shows more non-linearity 
compared to the other presented plots. While the normal stress also exhibits a similar trend of increasing with ℎ, the lines display 
a notable degree of nonlinearity, particularly at higher values of ℎ. This suggests that the increase in normal stress with uncut chip 
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Fig. 20. New Analytical Models (left) and Interaction plots (right) of (a) 𝑙𝑐 contact length, (b) 𝑙𝑠 stick length, (c) T𝑐max maximum contact temperature.

thickness ℎ is not uniform and may plateau or even slightly decrease after a certain point. The impact of 𝛾 on 𝜎𝑛𝑚𝑎𝑥 is similar in trend 
and increases with increasing high negative 𝛾. However, the non-linear nature of the stress increase with ℎ makes this relationship 
more complex. Nevertheless, while investigating how the remaining input parameters interact with the contact properties, it was 
observed that three of six contact properties - 𝑇𝑐 , 𝑙𝑐 , 𝑙𝑠 - failed to extrapolate accurate values under extreme conditions of 𝛾 and 
ℎ. Since each of the six models were trained independently, the limitations of these three models did not cause any hindrances to 
the other three properties (𝐹𝑐 , 𝐹𝑝, 𝜎𝑛max). Yet, all the six models efficiently interpolated the values within the threshold of 𝛾 < 25◦. 
To address the failures in extrapolation, analytical prediction models were developed specifically for the regions where the original 
models underperformed. The analytical models are mentioned in Fig.  20 respectively.

While, in Fig.  20(a) the contact length (𝑙𝑐) increases with ℎ, showing a predominantly linear trend, there is a slight curve at the 
lower ℎ, particularly for the lines corresponding to more negative rake angles (𝛾). As the 𝛾 becomes more negative, the 𝑙𝑐 increases 
for a given ℎ. The data points are more spaced out at lower 𝛾 values, until ℎ becomes considerable high level, where the influence of 
high negative 𝛾 becomes insignificant to increase the contact length 𝑙𝑐 . The interaction plot of stick length 𝑙𝑠 (see Fig.  20(b)(right)) 
shows a less linear trend than 𝑙𝑐 . An initial rapid increase in 𝑙𝑠 with ℎ is observed, followed by a more gradual rise, particularly at 
higher negative rake angles 𝛾. While at steeper 𝛾, the initial rate of increase is slow, and after ℎ crosses 0.125 mm barrier the rate of 
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Table 7
Machining parameters and their effects.
 Situation ℎ (%) 𝛾 (%) 𝑣𝑐 (%) 𝐹𝑐 𝐹𝑝 𝑙𝑐 𝑙𝑠 𝜎𝑛𝑚𝑎𝑥 𝑇𝑐𝑚𝑎𝑥 
 1 0.5 0.2 0.3 High High High High High High 
 2 0.3 0.5 0.2 Mid-low Mid-low Mid-low Mid-low Mid-low Mid  
 3 0.2 0.3 0.5 Low Low Low Low Mid-low High 

change in 𝑙𝑠 also increases considerably. Apart from that, at steeper 𝛾 and high ℎ, the data band spreads over a range of 0.05 mm, 
suggesting that the variations of 𝑣𝑐 can cause deviations in the contact length 𝑙𝑐 by up to 0.05 mm under similar conditions of high 
ℎ and steep 𝛾.

The maximum temperature 𝑇𝑐𝑚𝑎𝑥 increases with ℎ in a nearly linear fashion across varied 𝑣𝑐 conditions. In Fig.  20(c)(right) a 
relatively linear relationship is observed between ℎ and 𝑇𝑐𝑚𝑎𝑥, particularly at elevated values of ℎ, suggesting a consistent rate 
of change in 𝑇𝑐𝑚𝑎𝑥 with ℎ. Nevertheless, there is a notable non-linearity at the lower values of the ℎ, particularly at low 𝑣𝑐
conditions. Another noteworthy point to discuss is that, the new analytical model (see Fig.  20(c)(left)) initially developed for the 
underperforming region, successfully replicates the trend for the other conditions as well. This suggests that the new analytical 
model could be used to predict the full range of maximum contact temperature 𝑇𝑐𝑚𝑎𝑥. The downside is that this model does not 
account for the subtle effects of variations in 𝛾, which is why the data band representing these variations is absent.

3.4.2. A holistic analysis of combined input parameter effects inspired by ternary plots
In Fig.  21, six ternary plots describes the simultaneous effects of all three input parameters on the outputs. However, to make use 

of this visualization method, the input parameters were normalized over the range of process parameters. The normalized values 
and their corresponding real values are also displayed in the same figure. The following section discusses the key interpretation of 
Fig.  21:
Cutting Force 𝐹𝑐 and Passive Force 𝐹𝑝 - It can be observed that, towards the left corner of the plot, 𝐹𝑐 increases significantly 
with higher uncut chip thickness (ℎ) and lower rake angles (𝛾).This observation aligns well with the findings presented in Fig. 
19. Towards the top corner of the plot, higher 𝑣𝑐 combined with lower ℎ and steeper 𝛾 tends to reduce 𝐹𝑐 . Apart from that, the 
ternary plot for 𝐹𝑐 shows a relatively smooth gradient, and it steadily increases along the axis of uncut chip thickness (ℎ). This trend 
further confirms the earlier observations in Figs.  18 and 19. A probable cause behind this characteristic is that this force is directly 
responsible for overcoming the material’s resistance to being cut. As a result, 𝐹𝑐 is directly influence by the amount of material 
removed, which is determined by the uncut chip thickness ℎ, as mentioned in Section 3.3. A similar trend is also observed for the 
passive force 𝐹𝑝. It increases with larger ℎ and higher negative rake angles also contributes to high 𝐹𝑝. That said, the 𝐹𝑝 exhibits 
less continuous gradient than 𝐹𝑐 . In certain force values there are abrupt changes, indicating that the passive force is more sensitive 
to other factors like material flow and frictional effects.
Contact Length 𝑙𝑐 and Stick Length 𝑙𝑠 - In Fig.  21(c) the combined effect of high uncut chip thickness ℎ and high negative rake 
angle 𝛾 produces the highest contact length 𝑙𝑐 values. Cutting velocity (located at the top of the ternary figure) has a complex 
influence on contact length that changes according to how the other two factors are combined. According to Altintas [72], the 
velocity at which the deformed chip slides at the rake face can be represented as 

𝑣𝑐ℎ𝑖𝑝 =
ℎ
ℎ𝑐

𝑣𝑐 =
sin(𝜙𝑐 )

cos(𝜙𝑐 − 𝛾)
𝑣𝑐 (7)

where 𝜙𝑐 is the shear angle designated to define the angle between the direction of the cutting velocity (𝑣𝑐) and the shear plane. As 
can be seen in Eq. (7) the chip velocity 𝑣𝑐ℎ𝑖𝑝 is proportional to cutting velocity 𝑣𝑐 . Hence, at higher cutting speeds, the chip should 
exhibit a greater chip velocity. However, the analysis shown in Fig.  21(c) demonstrates that if ℎ is substantially high and 𝛾 is very 
negative, the impact of 𝑣𝑐 is less noticeable. 

As anticipated, the stick length 𝑙𝑠 displayed a trend similar to that of the contact length 𝑙𝑐 . Assuming a constant tool width, a 
higher uncut chip thickness ℎ and a negative rake angle 𝛾 removes more material, thereby increases the chip area. These conditions 
also lead to a rise in the normal force exerted, which significantly increases the maximum normal stress. As discussed in Section 3.3, 
this increase in maximum normal stress allows the material to adhere to the tool over a longer span until the shear strength 𝑆1 equals 
the frictional stress 𝜇𝜎𝑛. This analysis, therefore, confirms the earlier description of the stick length. Additionally, it can be observed 
in the top corner of Fig.  21(d), an increase in the value of 𝑣𝑐 , a high negative value of 𝛾, and a low value of ℎ results in a reduction 
of stick length 𝑙𝑠 due to the enhanced thermal softening of the material caused by high 𝑣𝑐 .
Maximum Normal Stress 𝜎𝑛max and Maximum Contact Temperature T𝑐max - Similar to the previous contact properties high ℎ
produces higher 𝜎𝑛max values and high negative 𝛾 raises the resistance to chip flow, which increases the cutting force’s normal 
component, leading to higher stress at the tool chip contact. It is obvious that extreme conditions of these two input parameters will 
maximize 𝜎𝑛max, increasing the risk of tool fracture. One important finding, nevertheless, is that in Fig.  21(e) a noticeable yellow 
strip is observed along the uncut chip thickness (ℎ) axis at 0.2 normalized value (actual value - 0.056 mm). This suggests that an 
approximate value of 0.05 mm uncut chip thickness (ℎ) is crucial to maintain the 𝜎𝑛max below 2000 MPa, regardless of the values of 
𝑣𝑐 and 𝛾. Unlike the earlier five properties, the maximum temperature is the sole contact property that exhibits a gradient inclination 
at a different angle. As discussed in Section 3.3, since 𝑣  increases friction power 𝑃 , and subsequently 𝑇 , Fig.  21(f) also confirms 
𝑐 𝑢 𝑐
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Fig. 21. Study of combined effect of all input parameters on thermo-mechanical properties (a) 𝐹𝑐 cutting force, (b) 𝐹𝑝 passive force, (c) 𝑙𝑐 contact length, (d) 
𝑙𝑠 stick length, (e) 𝜎𝑛max maximum normal contact pressure, (f) T𝑐max maximum contact temperature.

that maximum contact temperature 𝑇𝑐 increases significantly with higher 𝑣𝑐 . That said, uncut chip thickness ℎ do also play a critical 
role in increasing 𝑇𝑐 . While rake angle 𝛾 does not directly contribute to lowering the 𝑇𝑐 , the low temperatures observed towards 
the bottom right corner of Fig.  21(f) suggest that using a steeper 𝛾 can be beneficial. If maintaining a lower 𝑇𝑐 is necessary for 
improving the surface finish of the machined part and preserving tool integrity, it is advisable to choose a steeper 𝛾. Based on the 
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ternary plots, an in-depth analysis is presented in Table  7, providing an overview of three different machining conditions and their 
holistic effects on the contact properties.

3.5. Prediction of cutting forces — Gear skiving

After the successful validation of the developed models for the interaction zone between the tool and AISI4140 and their 
associated usability for predicting thermo-mechanical loads, the first use of skiving is demonstrated. Fig.  22 vertical shows three 
discrete time steps of the gear skiving process under consideration according to Table  2. The determined local load parameters from 
the obtained models of the normal stress 𝜎𝑛, temperature 𝑇𝑐 and sliding velocity 𝑣𝑠 are shown horizontally. The result of time step 
30 shows the characteristic of the gear skiving process. The chip formation starts at the leading flank (LF) as well as at the point 
between the trailing flank (TF) and the tool tip. The following time step 60 is showing three separate chip formation zones during 
the tool engagement. The chip formation of the LF is widened compared to time step 30 to the tool tip. Further the tool tip as well 
as the TF is showing a zone of influence. The last presented time step 90 is showing the vis-a-vis behaviour compared to time step 
30 where the outermost part of the TF and the part between the LF and tool tip is under the load of chip formation. The following 
observations can be described for the individual time steps:

• Time step 30 — The zone of influence at the beginning of the gear skiving process is dominated by small uncut chip thickness, 
moderate negative rake angles, therefore the locally predicted contact length is in agreement with the observed results. In 
detail for the TF the maximum predicted normal stress 𝜎𝑛𝑚𝑎𝑥  = 1586 MPa, the contact temperature 𝑇𝑐𝑚𝑎𝑥  = 492 ◦C and sliding 
velocity 𝑣𝑠𝑚𝑎𝑥  = 1956 mm/s with the contact length 𝑙𝑐 = 0.09 mm with the local determined process parameters at the x-value 
of x = 0.259 mm of 𝑣𝑐 = 118.1 m/min, ℎ = 0.0172 mm and 𝛾 = −5.37 ◦. For the maximum values of the LF with the 
local determined parameters of 𝑣𝑐 = 113.8 m/min, ℎ = 0.0722 mm and 𝛾 = −4.19◦ at the tool location x = −1.28 mm the 
highest contact length is determined as 𝑙𝑐 = 0.2 mm with the maximum temperature 𝑇𝑐𝑚𝑎𝑥  = 663 ◦C, 𝜎𝑛𝑚𝑎𝑥  = 1711 MPa and 
𝑣𝑠𝑚𝑎𝑥  = 1865 mm/s.

• Time step 60 — For the time step under investigation, the highest local loading can be found, in regard to the process 
kinematics, in the area of the tip region. The point of the highest contact length with a value of 𝑙𝑐 = 0.25 mm at the tool 
x = 0.23 mm with the process parameters 𝑣𝑐 = 126.4 m/min, ℎ = 0.0715 mm and 𝛾 = −14.6◦ with a resulting 𝜎𝑛𝑚𝑎𝑥  = 1836 MPa, 
𝑇𝑐𝑚𝑎𝑥  = 746 ◦C and 𝑣𝑠𝑚𝑎𝑥  = 1836 mm/s can be found at the region between the tool tip and TF. In addition to the tool tip, both 
the flanks of the tool are engaged, and the contact properties can be determined. It also shows the high complexity of chip 
formation during gear skiving. For the LF the highest predicted contact length can be found at x = −1.158 mm with 𝑙𝑐 = 0.1 mm 
and 𝜎𝑛𝑚𝑎𝑥  = 1596 MPa, 𝑇𝑐𝑚𝑎𝑥  = 508 ◦C and 𝑣𝑠𝑚𝑎𝑥  = 1936 mm/s with the identified local parameter of 𝑣𝑐 = 118.96 m/min, 
ℎ = 0.0222 mm and 𝛾 = −4.0◦ For the TF the maximum 𝑙𝑐 = 0.13 mm for the local process parameter 𝑣𝑐 = 120.97 m/min, 
ℎ = 0.0330 mm and 𝛾 = −8.0◦  with the maximum local values determined by the prediction models of 𝜎𝑛𝑚𝑎𝑥  = 1530 MPa, 
𝑇𝑐𝑚𝑎𝑥  = 568 ◦C and 𝑣𝑠𝑚𝑎𝑥  = 1975 mm/s The time step also is a great example of the gear skiving process, which shows in 
general a smaller uncut chip thickness on the LF compared to the TF, further it also shows that the tool tip has the highest 
loading due to high negative rake angles as well as high uncut chip thicknesses.

• Time step 90 — For the last time step shown in the gear skiving process, the zones under load were reduced to two dedicated 
areas with the highest loadings in the area between the tip and LF. Where the highest predicted 𝑙𝑐 = 0.18 mm for the tool-point 
𝑥 = −0.163 mm with the maximum local loading of 𝜎𝑛𝑚𝑎𝑥  = 1714 MPa, 𝑇𝑐𝑚𝑎𝑥  = 665 ◦C and 𝑣𝑠𝑚𝑎𝑥  = 2162 mm/s for the process 
parameter of 𝑣𝑐 = 132.5 m/min, ℎ = 0.04 mm and 𝛾 = −18.9◦, while for TF the highest 𝑙𝑐 = 0.16 mm at the tool point 
and x = 1.19 mm with parameters of 𝑣𝑐 = 121.3 m/min, ℎ = 0.045 mm and 𝛾 = −8.87◦. Moreover, the maximum predicted 
parameter of 𝜎𝑛𝑚𝑎𝑥  = 1628 MPa, 𝑇𝑐𝑚𝑎𝑥  = 617 ◦C and 𝑣𝑠𝑚𝑎𝑥  = 1987 mm/s.

Applying the developed prediction models for the entire time steps of the gear skiving process under investigation, allows to predict 
the cutting forces during the real process. With the prediction of the contact length 𝑙𝑐 and the normal pressure distribution 𝜎𝑛 in 
combination with the Eq. (6) the forces in axial direction of the tool can be predicted. Fig.  23(a) shows the results of the prediction 
(yellow) and the experimental data (green) of the tenth in-feed of the process. The experimental recorded forces are described as the 
mean value (dashed line) and the minimum and maximum value, which are represented by the shaded green area. In a side-by-side 
comparison of the prediction and the experiment, it could be determined that the force up to a timestamp of 1.8 ms is underestimated 
by the prediction with the linked calculation by about 10% compared to the experiment. Until the process time 2.14 ms the force 
then is predicted within the force measurements gathered by the experiments. In the middle of the process time there is a deviation 
of the prediction to the experiment of 5%, while the predicted peak of the process is not located at the peak of the experimental 
data and is advanced by 0.2 ms. That being said, the last part of the process is predicted well by the developed procedure, resulting 
in a 𝑅2 value of 0.96.

Fig.  23 shows the maximum values determined for each in-feed of the process in comparison to the predicted values. The graph 
shows that up until the 4th in-feed the prediction underestimates the forces. The first two in-feeds show the highest deviation of 
approximately 25%. Considering the minimum and maximum values of the experimental forces, the prediction is in good agreement 
after the 5th tool pass.
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Fig. 22. Prediction of thermo-mechanical loading for Gear Skiving for discrete time steps.

Fig. 23. (a) Force prediction using the developed prediction model in comparison to experimental forces (b) comparison of the highest cutting forces experiment 
and prediction.
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4. Conclusion

This study has presented a comprehensive investigation of the possibilities to predict the thermo-mechanical properties in 
the tool chip interaction zone of AISI 4140, by employing both numerical methods such as FEM and a multivariate regression 
approach. Integration of these methods proved to be effective in predicting the contact properties and interpreting the complex 
relationship between process parameters and thermo-mechanical outcomes. Finally applying the developed models to the prediction 
of thermo-mechanical loading and forces of the gear skiving process. The key findings of the work are:

• Computational Optimization - The automated FEM tool demonstrates a workflow to simulate orthogonal cutting with 
simulation times of 45–120 min for depending on input parameters. Subsequently, the application of regression modelling 
significantly reduced computational demands. A database of 3375 test cases was generated in 112.5 min, resulting in a 
2460-fold reduction in simulation time.

• Validation of Numerical Model — The numerical model has an average deviation of 5% for both cutting forces (𝐹𝑐) and 
contact length (𝑙𝑐), provides reliable predictions that closely match experimental results. It was observed that the passive force 
(𝐹𝑝) has a higher average deviation of 12%, which is at par with the state-of-the-art regarding the selected material model. The 
simulation model slightly overestimates the contact temperature 𝑇𝑐𝑚𝑎𝑥 across all test cases. The overestimation is attributed 
to the exclusion of heat transfer coefficients between the tool and thermocouple in the model. Despite this, the results are 
considered satisfactory. The simulated chip thickness ℎ𝑐 is slightly overestimated, but is well within the acceptable limits. The 
maximum deviation for ℎ𝑐 is 20%, or up to 30 μm, while the average deviation is 12%.

• Evaluation of Regression Models - By comparing the regression predictions with the simulated data from 200 simulations, 
six distinct regression models were assessed. The degree to which data points matched a reference line was used to determine 
accuracy, and the majority of models demonstrated good resilience. For additional assessment, a Monte Carlo design with 50 
test cases was employed, with an emphasis on predicting variations in unit values as opposed to percentages. Nevertheless, 
it was noted that in extreme 𝛾 and ℎ circumstances, three of the six contact characteristics (𝑇𝑐𝑚𝑎𝑥, 𝑙𝑐 , and 𝑙𝑠) were unable 
to extrapolate appropriate values. In areas where the original models failed, analytical models were created to increase the 
forecast accuracy of contact length (𝑙𝑐), stick length (𝑙𝑠), and maximum temperature (𝑇𝑐𝑚𝑎𝑥).

• Correlation Investigation - The correlation study using the generated data revealed that among the considered process 
parameters uncut chip thickness (h) had the greatest impact on the contact properties, particularly on contact length 𝑙𝑐 , where 
cutting velocity (𝑣𝑐) and rake angle 𝛾 has little to no influence. However, cutting velocity (𝑣𝑐) has a notable positive correlation 
with maximum contact temperature (𝑇𝑐𝑚𝑎𝑥) and minimal relationship with rest of the contact properties. A moderate negative 
correlation is observed in between rake angle (𝛾) and outputs like maximum contact normal stress (𝜎𝑛𝑚𝑎𝑥) and passive force 
(𝐹𝑝). A slight increase in stick length (𝑙𝑠) is experienced as the negativity of rake angle (𝛾) increases.

• Combined Effect Analysis - The inbuilt multivariate prediction models offer a valuable holistic framework, confirming that 
this approach makes it possible to replace conventional computational models with data-driven approaches, by maintaining 
an updated database. The quick prediction capability of regression models opens up tremendous opportunities for real-time 
optimization of machining parameters. The interaction plots and ternary diagrams were used to visualize the simultaneous 
effects of all three input parameters (ℎ, 𝛾, 𝑣𝑐) on the output parameters (𝐹𝑐 , 𝐹𝑝, 𝑙𝑐 , 𝑙𝑠, 𝜎𝑛𝑚𝑎𝑥, 𝑇𝑐𝑚𝑎𝑥). The results indicated that 
the forces (𝐹𝑐 , 𝐹𝑝), the contact length (𝑙𝑐) and the maximum contact temperature (𝑇𝑐𝑚𝑎𝑥) increases linearly with ℎ, but vary with 
𝛾. Nevertheless, a minimal non-linearity is observed for 𝑙𝑐 at the lower values of ℎ, particularly for conditions that correspond 
to higher negative rake angles (𝛾). Conversely, the contact temperature 𝑇𝑐𝑚𝑎𝑥 demonstrates distinct non-linear characteristics 
at the lower end of the ℎ, especially at low 𝑣𝑐 conditions. Additionally, 𝑙𝑠 and 𝜎𝑛𝑚𝑎𝑥 also exhibit a positive correlation with ℎ. 
At lower values of ℎ, both 𝑙𝑠 and 𝜎𝑛𝑚𝑎𝑥 demonstrate rapid increase. As ℎ increases, the rate of change of 𝑙𝑠 and 𝜎𝑛𝑚𝑎𝑥 decreases, 
suggesting that an increase in ℎ does not necessarily lead to a corresponding increase in these output properties. This suggests 
that their behaviour is influenced by other factors as well. Finally, three distinct combinations of ℎ, 𝛾 and 𝑣𝑐 were examined 
in order to analyse the collective impacts on the considered output contact properties.

• Application in Gear Skiving Process — The prediction of thermo-mechanical loadings of a representative gear skiving process 
using the developed models seems to be a promising way to predict the local acting loads. Therefore, with the knowing and 
fast prediction of the acting loadings, it can lead to a process optimization bot only based on kinematic calculation but also 
considering the physical determined loadings for a more effective and sustainable process design. Furthermore, in the past, 
only 3D-chip formation simulation were able to predict the thermo-mechanical loading. That said, and the comparison of chip 
formation of gear skiving processes, the developed method in combination with the well validated prediction models leads to 
a decrease of predicting the loadings by the factor of approximately 360 times.

5. Outlook

This study proposes an optimized automated workflow for generating finite element (FE) models and regression models under 
different cutting parameters, providing a robust foundation for investigating tool-chip interactions. It is acknowledged that the 
suggested methodology could be extended beyond the scope of the study. The proposed streamlined workflow can be tuned to 
generate different kinds of dataset for a more in-depth investigation of the contact zone. The future research possibilities utilizing 
the workflow:
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• The utilization of an automated workflow to predict material-dependent JC-parameters for improved material modelling. As 
suggested by Stampfer et al. [30], the prediction of JC-Parameters by experiments can be implemented to get further insights 
of the influence of material properties on the estimation values.

• Extend existing databases, experiment- and simulation wise to extend the prediction of different processes e.g. high-speed-
cutting.

• Expand the input database to simulate thermo-mechanical loading for a range of workpieces and tool materials.
• The impact of other process parameters could also be explored, like cutting-edge rounding, tool geometry, or coatings on the 
tool-chip interface.

• Analysing forces, temperature, and stress distributions on the machined layer to predict surface modification like micro-
hardness variations and their relation to thermo-mechanical loading.

• Incorporating cutting fluids in simulations to evaluate their influence on forces, temperatures, and tool wear.
• Utilizing Usui’s wear equation to predict tool wear during skiving, since the needed input parameter of Usui et al. [75] is 
provided by the proposed modelling. 

𝑑𝑊
𝑑𝑡

= 𝐴𝜎𝑛𝑉𝑠𝑒
− 𝐵

𝑇 (8)

where 𝜎𝑛, 𝑉𝑠, and 𝑇  represent normal stress, sliding velocity, and temperature, respectively.
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