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Abstract
Accurate prediction of cutting forces is critical in milling operations, with implications for cost reduction and improved
manufacturing efficiency. While traditional mechanistic models provide high accuracy, their reliance on extensive milling
data for force coefficient fitting poses challenges. The eXtreme Gradient Boosting algorithm offers a potential solution
with reduced data requirements, yet the optimal utilization of eXtreme Gradient Boosting remains unexplored. This study
investigates its effectiveness in predicting cutting forces during down-milling of Al2024. A novel framework is proposed
optimizing its precision, efficiency, and user-friendliness. The model training incorporates the mechanistic force model in
both time and frequency domains as new features. Through rigorous experimentation, various aspects of the eXtreme Gradient
Boosting configuration are explored, including identifying the optimal number of periods for the training dataset, determining
the best normalization and scaling technique, and assessing the hyperparameters’ impact on model performance in terms of
accuracy and computational time. The results show the remarkable effectiveness of the eXtreme Gradient Boosting model
with an average normalized root mean square error of 14.7%, surpassing the 21.9% obtained by the mechanistic force model.
Additionally, the machine learning model could capture the runout effect. These findings enable optimized milling operations
regarding cost, accuracy and computation time.
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Introduction

Milling is a common machining process to produce high
quality 3D components. This process is used in many indus-
tries, including medical, military, transportation, luxury and
more. In order to achieve high quality components respect-
ing strict tolerances, the prediction of the machining output
should be determined prior operation. In this regards, sev-
eral parameters can be predicted, the most common is the
cutting force which provides plenty of information on the
conducted machining operation. The prediction of the cut-
ting forces has been known for decades, however, with the
arrival of new technologies, these predictions methods and
models have evolved and novel optimization procedures are
investigated. In the past years, the use of artificial intelligence
techniques has become popular with an increasing amount
of amount of publication focusing on several aspects such as
the tool wears, material removal rate, forces and heat transfer
(Vijay et al., 2021; Elango et al., 2022; Wang et al., 2022).
Despite the high accuracy of the current eXtreme Gradient

123

http://crossmark.crossref.org/dialog/?doi=10.1007/s10845-023-02243-9&domain=pdf
http://orcid.org/0000-0003-2231-7482


Journal of Intelligent Manufacturing

Boosting (XGBoost) models, the optimization regarding the
number of periods for the training, the normalization, the
frequency domain integration remains unknown leading to
non-optimized models. To this end, the eXtreme Gradient
Boosting machine learning model is investigated in this paper
to present the optimization parameters regarding the feature
selection, normalization technique, amount of trained data
and hyperparameters.

One major challenge in milling is the prediction of the
cutting force during the process which varies from each
operation. The cutting force is complex to predict due to
its time-varying nature. Therefore, researchers have stud-
ied many aspects, from classical average force methods to
more complex methods, such as the runout and vibration
for conventional milling process (Wang et al., 2015). Fur-
thermore, in high speed machining, the gyroscopic effect is
likely to appear, this has previously been considered in the
instantaneous uncut chip thickness (Song & Ai, 2012). In
micro-milling, various effects need to be considered, includ-
ing the tool deflection that influences cutting forces (Zhang et
al., 2018), and the size effect resulting from the cutting mech-
anism entering its ploughing region, which adds complexity
to the model (Wu et al., 2022; Du et al., 2022).

In 2018, Yu et al. presented a framework used for the
extraction of the features. It was based on the sensor sig-
nals data that were utilized for offline modeling and online
health prognostics, the corresponding framework has shown
good results in real-time application (Yu, 2018). Using the
online method, Finkeldey et al. could achieve real-time force
prediction via model-based fusion conducted on the milling
operations of AISI M3:2 Finkeldey et al. (2020). The offline
method is usually used for its fast computation time, however,
it does not present the advantage that the online method has
to train the model on the go. Therefore, today, it is difficult
to use the offline for real-time prediction (Baghezza et al.,
2021; Tercan & Meisen, 2022). The research conducted by
Traini et al. in 2019 presented a framework that is based on
a similar extraction method, using the milling data. The data
were preprocessed and used for the prediction of the wears
and tool rest of useful life (Traini et al., 2019). In 2021,
Traini et al. modified their previous framework and used it
for web applications (Traini et al., 2021). Researchers have
shown the good use of the support vector machine (SVM) in
the tool condition monitoring, where the principal compo-
nent analysis was used in for the feature selection (Yang et
al., 2020). Therefore, machine learning has demonstrated its
significance in enhancing system maintenance in the manu-
facturing industry.

The current research using artificial intelligence in the pre-
diction of cutting forces is a new and cutting-edge method
that has the capability to solve world-scale problems with
a minimal amount of resources (Chen & Guestrin, 2016).
Research has shown that neural networks can be used for the

cutting force model (Dave & Raval, 2010). Moreover, neural
networks provide better results in terms of fitting compared
to classical regression processes (Radhakrishnan & Nandan,
n.d.). Vaishnav et al. studied the instantaneous cutting force
in milling and the authors show an approach that uses the
theoretical forces as a training feature. The proposed method
led to good instantaneous cutting force estimation and the
significant reduction of required experiments for the training
of the neural network model (Vaishnav et al., 2020). Research
from Peng et al. has shown the good use of neural network for
cutting force prediction in milling operations. In their frame-
work, the authors have preprocessed the original data for the
creation of the train, validation and test sets. These sets are
then employed in a convolutional neural network with a long
short-term memory model. The tuning process using various
hyperparameters has also been implemented in the authors’
study. The evaluation of the model was conducted through
the root mean square deviation and the results have shown
that the neural network model is reliable for the dynamic
prediction process (Peng et al., 2022).

Transfer learning is a machine learning technique where
a trained model is reused as the starting point for another
model. This technique is used in milling force prediction and
has shown lower error at a small sample size (Wang et al.,
2021a). In Chen et al. study, as in other literature, this tech-
nique was evaluated by the root mean square. It shows good
results on the prediction of the cutting forces, moreover, the
model’s impact on the force coefficients was also presented
(Chen et al., 2022). Gao et al. identified and suppressed the
noise present in the acoustic sensor’s signal using discrete
wavelet decomposition and Fast Fourier transformation, the
clean data extracted were utilized as features for the 4 dif-
ferent machine learning models. The best prediction of the
material removal rate in the grinding process of Inconel 718
was obtained using the XGBoost model with a mean abso-
lute percentage error of 4.4% Gao et al. (2019). Chakraborty
et al. have compared several machine learning techniques,
the Random Forests and the neural network were the ones
with higher predictive accuracy. Knowing that the Random
Forests technique has a slow training speed and a poor per-
formance with small data size, the XGBoost was utilized in
the turning of high strength grade-H steel resulting on high
material removal rate and surface roughness prediction accu-
racy Chakraborty and Bhattacharya (2021). Compared to the
Random Forest and the Gradient Booster, the XGBoost has
shown a better reliability to estimate the cutting force Kumar
et al. (2023).

More studies have been performed in milling using
machine learning techniques, such as in the stability mon-
itoring process Wang et al. (2021b), Sestito et al. (2022) or
in the chatter detection via support vector machine classifi-
cation Chen et al. (2019). The XGBoost algorithm has also
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been used for heat transfer prediction in machining processes
Qian et al. (2020).

The recent results obtained by the researchers that used the
XGBoost algorithm have attracted the interest of this study.
There are several points that have not been investigated and
have to be clarified for further optimization in the prediction
of the cutting force. It raises several questions: Firstly, will the
use of the Fast Fourier transformation as a training feature of
the XGBoost improve the model’s accuracy? Secondly, does
the normalization and scaling methods have an impact on the
model? And finally, is there an optimized number of periods
to use in the model’s training for its enhancement?

This study proposes a novel framework that focuses on
cutting force prediction. It investigates the useful milling
features for the training process and it uses XGBoost regres-
sion model in order to evaluate the performance enhancement
compared to a classical milling force prediction model Chen
and Guestrin (2016). This study investigates several aspect of
the XGBoost model for the milling force prediction optimiza-
tion, including the importance of the frequency domain in the
model’s feature, the normalization and scaling techniques,
and the training size. The results have shown an important
improvement of the model’s prediction accuracy by: integrat-
ing the time and frequency domain of the theoretical force
into the features; selecting the proper normalization and scal-
ing technique; limiting the data size. Moreover, compared
to classic milling models, it is able to catch the noise and
frequencies of the machining environment. To some extent,
It is also able to adapt to the spindle runout of the opera-
tion. The establishment of the training set was performed at
a single milling operation and the testing sets were created
at different cutting conditions. Therefore, the model’s adapt-
ability to other milling operations at near and far ranges from
the training set can also be evaluated with its validity range
and limitation. This research could easily be replicated and
implemented in the industry for fast and efficient milling
force prediction, it could lead to performance enhancement
and process automation.

This study is composed of four sections. The first section
outlines the overall goal and methodology of this research
with the novel framework for milling force prediction. The
second section of this paper describes the feature extraction
process used to generate multiple training and testing sets. It
includes a description of the experiments performed, the pre-
processing method used, and the features generated by the
classical milling model. In the third section, the XGBoost
model is established, the training and testing sets are cre-
ated, the evaluation methods is introduced and the validation
of the model at different range of cutting parameters is pre-
sented. The final section combines all the results of this study
and discusses about its corresponding benefits in the manu-
facturing industry. The conclusion highlights all the findings
of this research and outlines possible areas for improvement.

Methodology

This section presents the methodology used for the prediction
of the cutting force in milling, as shown in Fig. 1. It is com-
posed of the data recovery and the cutting force prediction.
It is partially based on the feature extraction proposed in the
framework of Traini et al. (2019) and other work performed
for the cutting force prediction Vaishnav et al. (2020).

The framework is composed of the extraction process of
the data which are separated into training and testing datasets,
the XGBoost model establishment with its optimization pro-
cess by evaluating the XGBoost model compared to the
mechanistic theoretical cutting force model, and the valida-
tion. The framework is presented in Fig. 1.

The milling parameters involve technological (feed rate,
spindle rotational speed, axial and radial depth of cut) and
geometrical parameters (tool radius, helix angle and the num-
ber of flutes). These parameters are used for the milling
experiment setup and the theoretical milling force model, see
“Experimental process” and “Cutting force model” sections,
respectively. From the milling parameters, experimentation
has been performed leading to the raw features of the real
forces in the measured tri-axial components (X, Y and Z). The
theoretical cutting force in time domain (TD) and frequency
domain (FD) can be obtained using the milling parameters.
These experimental and theoretical features are cleaned, nor-
malized and scaled using the well know MinMax scaler. At
this point, the features are set and utilizable for the training
of the machine learning models.

The XGBoost algorithm used for the prediction of the cut-
ting force is chosen for its high efficiency across the research
fields, as it can overcome deep neural network Giannakas
et al. (2021). The model provides the predicted forces as its
output features. The predicted and measured forces are com-
pared using the evaluation process presented in “Evaluation
method” section. The model with the best evaluation score
leads to the optimized cutting force prediction. According to
the evaluation of the model, fine-tuning is performed leading
to hyperparameters optimization.

The next subsection explains provides details on the exper-
imental process.

Experimental process

The experimental process is conducted on a standard milling
center (NCT EMR-610MS), where a 2-fluted cemented car-
bide milling tool of 16mm diameter is used for down-milling
operations performed on Al2024 at 2500 rpm. The tool has
previously been used for surface polishing prior to measure-
ment, in this way, the tool wears are relatively similar from the
beginning to the end of the experiment and should not present
any deviation in the consistency of the data. The experimental
setup is composed of a dynamometer (Kistler 9129AA) with
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Fig. 1 Framework for the prediction of the cutting force in milling using XGBoost

Fig. 2 Experimental setup

a resonance frequency of about 2300 Hz. It is clamped to the
moving table of the milling center by four screws. The setup
is represented in Fig. 2. A total of 17 cutting slots are per-
formed at various material removal rates M RR = V f z ·ap·ae,
where the radial, axial depth and feed rate are V f z , ae and
ap, respectively. The parameters table is shown in Table 1.
One operation is 40 s long and contains 3 different feed rates.
The National Instrument data acquisition system is composed
of the data acquisition frame (NI cDAQ-9178) and the data
acquisition card (NI 9234). The system has a sampling fre-
quency of 51,200 Hz. Only the steady regions of the forces
are extracted. At the corresponding 2500 rpm spindle rota-
tional speed, one period is composed of 1228 samples. Once
the data are monitored, post-processing is performed to shift

Table 1 Milling parameters

p V f z ae ap M RR
(mm/min) (mm) (mm) (mm3/min)

1 375 0.5 4 750

2 500 0.5 4 1000

3 675 0.5 4 1350

4 375 0.5 8 1500

5 500 0.5 8 2000

6 375 0.5 12 2250

7 675 0.5 8 2700

8 375 1 8 3000

9 500 1 8 4000

10 675 1.5 4 4050

11 375 1.5 8 4500

12 675 1 8 5400

13 500 1.5 8 6000

14 375 1.5 12 6750

15 675 1.5 8 8100

16 500 1.5 12 9000

17 675 1.5 12 12,150

the force to the origin and so avoid pre-load and drift of the
dynamometer signal. The post-process signal of the forces
can be seen in Fig. 3.

Due to the relatively short amount of time of the moni-
toring process, the drift of the dynamometer is lower than
1 N from the beginning to the end of the signal, so it can be
neglected. The shift of the signal depends on the mean value
of the beginning of each operation, where the tool-workpiece
interference is not achieved. It can be calculated according
to Eq. (1), where ts is the time at the start of measurement
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Fig. 3 Data processing principle
Heitz et al. (2023): a Raw signal
measured with the Kistler
dynamometer of 3 subsequent
cuts with the conventional tool
of 16mm diameter; b Force
signals corrected with respect to
the drift of the dynamometer; c
Extracted force signals for a
given cutting segment; d X, Y
and Z forces components view
within 2 periods

and te is set before the tool-workpiece interference.

F shift
x = 1

te − ts

∫ te

ts
Fmeasured

x (t)dt

F shift
y = 1

te − ts

∫ te

ts
Fmeasured

y (t)dt

F shift
z = 1

te − ts

∫ te

ts
Fmeasured

z (t)dt

(1)

The X, Y and Z force components are shifted by F shift
x , F shift

y

and F shift
z , respectively. Therefore, the pre-load present in the

dynamometer is compensated.
The resulting data obtained from this experiment is uti-

lized to set up both the training and testing sets of the machine
learning model, with the testing sets being used to validate
the optimized XGBoost model. The process of feature gen-
eration is described in the following subsection.

Features generation

This step consists in enlarging the features, which allows the
machine learning models to learn from more data. However,
adding features could possibly confuse the model and cause
overfitting. In the evaluation section of the model (“Evalua-
tion method” section), in order to avoid redundant features,
the generated theoretical cutting force in time and frequency
domains will be evaluated. In this subsection, features are
generated using a traditional cutting force model in the time
domain and in the frequency domain. It provides additional
information for the XGBoost model which increases the eval-
uated performance.

Cutting force model

The cutting force model used in this study is the classical
milling model found in the literature, Rubeo and Schmitz
(2016), Xuewei et al. (2016). The computation of the force
can be found in Eq. (2), below:

FX(t) =
Z∑

j=1

∫ ap

0
− fr (φ j (t, z)) sin(φ j (t, z))

− ft (φ j (t, z)) cos(φ j (t, z))) dz ,

FY(t) =
Z∑

j=1

∫ ap

0
− fr (φ j (t, z)) cos(φ j (t, z))

+ ft (φ j (t, z)) sin(φ j (t, z)) dz ,

FZ(t) =
Z∑

j=1

∫ ap

0
− fa(φ j (t, z)) dz ,

(2)

where FX, FY, FZ are the projection of the resultant forces
on the machine orthogonal axis.

The resultant forces are obtained from the components of
the force FX, FY, FZ that are computed in the tool’s coor-
dinate of reference Malekian et al. (2009). Each component
can be computed using the typical shifted linear equation
with the cutting and edge coefficients, see Eq. (3), below:

fr(φ) = (Kre + Krc h(φ)) g(φ) ,

ft(φ) = (Kte + Ktc h(φ)) g(φ) ,

fa(φ) = (Kae + Kac h(φ)) g(φ) ,

(3)
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Fig. 4 Down milling cutting force mechanism

where ft , fr and fa are the tangential, radial and axial forces
components, respectively. The down milling cutting force
mechanism is presented in Fig. 4. The summary of the deter-
mination of the components of the force is presented in
Table 2 and the details can be found in Insperger and Stépán
(2011).

The force coefficients were determined through a min-
imization process of the error computed through the cal-
culation of the root mean square of the error between the
experimental and theoretical forces James and Coolidge
(1937). To ensure a proper fit of the forces, the phases are
synchronized from both signals. The control variables are the
force coefficients (Ktc, Krc, Kac, Kte, Kre, Kae). The error
noted ERMSE is presented in Eq. (9).

ERMSE =
√∑t1

t0(FExp − FTheo)2

t1 − t0
(9)

where, t0 and t1 are the beginning and end of the period,
respectively. FExp,FTheo are the vectors of the experimental
and theoretical forces, respectively.

The results obtained by the minimization are shown in
Fig. 5, where the corresponding milling force coefficients
obtained at the 250 iteration is shown in the Table 3.

The resulting theoretical force using the force coefficients
presented in Table 3 are shown in Fig. 6.

Visually, the determined cutting forces for the X and Y
components closely match the actual forces obtained during
the milling process. However, the computed axial force coef-
ficient values (Kac and Kae), are nearly zero, resulting in an
almost negligible Fz . The possible causes for the poor fitting
of the axial cutting force component include its small aver-

Fig. 5 Representation of the minimization process of the objective
function for 250 iterations for the determination of the theoretical force
coefficients

age amplitude relative to the other components, local minima,
and insufficient iterations in the minimization process. Future
research efforts aimed at improving the predictive capabili-
ties of cutting force models in milling operations should aim
to address these potential sources of error.

The noise in the force signal might introduce a loss in the
fit. Therefore, the frequency domain of the force signal is
introduced as a feature in the following “Fast fourier trans-
formation” section.
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Table 2 Summary of the determination of the force components

φentry = arccos
( ae

R − 1
)

(4)

φexit = π (5)

φ j (t, z) = 2π nt
60 + j 2 π

Z − z tan λ
R , j = 1, . . . , Z (6)

g(φ) =
{

1, if φentry ≤ φ ≤ φexit

0, otherwise,
(7)

h(φ) = fz sin φ, (8)

fz Feed rate (mm/tooth), R Tool radius (mm), ae Radial depth of cut
(mm), ap Axial depth of cut (mm), φentry Tooth entry angle (rad), φexit
Tooth exit angle (rad), φ Angular coordinate (rad), n Spindle speed
(rpm), j Tooth number, t Time (s), z Axial coordinate (mm), Z Number
of cutting flutes, h Chip thickness (mm)

Table 3 Milling force coefficients resulting from the minimization pro-
cess

Force coefficients Value

Ktc 755.8 N/mm2

Krc 1562.3 N/mm2

Kac 0.1 N/mm2

Kte 35.6 N/mm

Kre 14.6 N/mm

Kae 0 N/mm

Fast fourier transformation

The frequency domain is often used in machining research,
particularly for its effectiveness in noise reduction and detect-
ing repetitive patterns in force signals. In this study, the Fast
Fourier Transformation (FFT) computation is incorporated
as an additional feature to the model training set. Since the
XGBoost model is restricted to real numbers, only the real
part of the FFT is utilized. However, the imaginary part of
the FFT provides important information on the phase of the
signal. The results are presented in Fig. 7.

As seen in the Fig. 7, the FFT signal obtained from the
experiment has multiple spikes at various frequencies which
can be explained by the tooth-pass frequency, noise and the
natural frequencies of the dynamometer. These spikes are
not seen in the FFT obtained theoretically due to the simple
cutting force model utilized. A potential approach to elim-
inate noise involves applying a low-pass filter to eliminate
high-frequency components, and subsequently performing
an inverse FFT to generate a filtered experimental signal.
However, this study also highlights the adaptability of the
XGBoost model to noise, with its ability to effectively han-
dle noisy data, therefore, the noise is kept in the FFT feature
of the training and testing sets.

The real part of the FFT provides information about the
dominant frequencies, while the imaginary part provides
important phase information for evaluating the signal, which
is a crucial aspect of this study. However, due to the XGBoost
model’s inability to handle imaginary numbers, an additional
phase synchronization step was required and is presented in
“Evaluation method” section.

Preprocessing

This subsection discusses the preprocessing of the data which
includes the normalization, cleaning and scaling of the data.

The cleaning is made in the post-process of the experi-
ments, where only the steady regions are extracted and the
signals are shifted. This allows consistency with the features
from the theoretical cutting force model obtained in the next
section. However, at this point, the outliers generated by the
dynamometer are kept. In the following subsection, the com-
puted FFT of the forces will suppress these unwanted outliers.

In this study, several techniques of normalization and scal-
ing are investigated, including the MinMax scaler, Robust
scaler and Standard scaler. These three techniques are widely
used for tor data preprocessing. Although these techniques

Fig. 6 Representation of the measured (red continuous line) and theoretical (blue dashed line) force signals for a single period at the measurement
number p = 9 (Color figure online)
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Fig. 7 Representation of the time domain (top panels) and frequency domain (bottom panels) of the theoretical (left panels) and measured (right
panels) cutting force FX at the measurement number p = 9

are implemented using the sklearn library Pedregosa et al.
(2011), they can be easily implemented using Eqs. (10), (11)
and (12).

XMinMax
scaled = X − Xmin

Xmax − Xmin
, (10)

XRobust
scaled = X − Q2(X)

Q3(X) − Q1(X)
, (11)

XStandard
scaled = X − μ

σ
, (12)

where X is the original feature value, Xmin and Xmax are the
minimum and maximum values of the feature, respectively.
Q1(X), Q2(X) and Q3(X) are the first, second and third
quartile of the feature, respectively. μ is the mean of the
feature, and σ is the standard deviation of the feature.

It is important to note that for the normalization and scal-
ing of the data, one dataset which concatenates all the training
and testing datasets is created. In this manner, all the data can
be preprocessed together, allowing a proper evaluation of the
results, see “Evaluation method” section.

The data size including the targeted experimental forces
before and after pre-processing is (1228,8) and (1228,17),
respectively. The techniques presented in this section have
increased the quality and number of data, which are trained
in the machine learning model, as presented in “XGBoost
model” section.

XGBoost model

This section presents the XGBoost model for the prediction
of the cutting force in milling processes, with the creation
of several training and testing datasets. The validity range is
also discussed at various milling operations.

Training and testing datasets

This section presents the training and testing datasets to fit the
model. As the goal of this framework is the prediction of the
cutting forces, the target features are the experimental forces
in the orthogonal axis noted F Exp

X , F Exp
Y and F Exp

Z . In this
study the training set is made on a single cut performed with
a diameter of 16mm, a feed rate of 500mm/min, a spindle
rotational speed of 2500 rpm, an axial and radial depth of cut
of 8mm and 1mm, respectively (see p = 9 in Table 1). It was
chosen because it has the median value of M RR among the
other cuts performed. The testing sets are created according
to the technological parameters listed in Table 1, going from
similar to dissimilar M RR compared to the fixed training
set. In this manner, the effective range of the training set can
be presented with its limitation.

To compare the effectiveness of the generated features pre-
sented in “Features generation” section, several training and
testing datasets are presented. They are enumerated below:
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1. Without generated features: n, V f z, ap, ae, R.
2. With theoretical forces: n, V f z, ap, ae, R, FTheo

X , FTheo
Y ,

FTheo
Z .

3. With FFT: n, V f z, ap, ae, R, F FT Theo
X , F FT Theo

Y ,
F FT Theo

Z .
4. With theoretical forces and FFT: n, V f z, ap, ae, R, FTheo

X ,
FTheo

Y , FTheo
Z , F FT Theo

X , F FT Theo
Y , F FT Theo

Z .

In addition, the training is performed from 1 to 25 periods,
so the effectiveness of the number of periods extracted can
be discussed. From the optimal generated features, the data
are normalized and scaled and re-evaluated accordingly.

Model establishment

As previously mentioned, the proposed model of this study
is eXtreme Gradient Boosting (XGBoost). It is chosen due to
its popularity among the distributed (deep) machine learning
community, its great efficiency in machine learning com-
petitions and its minimal use of computational resources
DMLC (2023a, 2023b). It is suitable for both classification
and regression problems. For the prediction of the real cutting
forces, regression is needed. Further details on the XGBoost
algorithm and description can be found in the publication by
Chen and Guestrin (2016). Due to the model’s algorithm, the
output returns a one-dimensional array of the target’s length.
Therefore, in this study, three XGBoost models are used for
the three axes of the forces. It should be noted that instead
of keeping all three axes in the training sets (X, Y and Z),
only the corresponding axis is kept (e.g. for the prediction of
F Exp

X , the training does not use FT heo
Y or FT heo

Z ). The base-
line model is established with the training set using a single
period on a learning rate of 0.1, a max depth of 5 and 100
estimators. The results using the second training set (with

the theoretical forces in the time domain) are represented in
Fig. 8.

The first observation shows good consistency in the pre-
diction of the testing sets. The model seems to be more
efficient than the classical cutting force model. It can cap-
ture the potential effect of run-out as clearly seen for FX

in Fig. 8. The noise level associated with the equipment
dynamics can be captured by the model, demonstrating its
remarkable adaptability to complex phenomena. In the fol-
lowing subsections, the baseline model is further optimized.

The teeth entry and exit must be synchronized properly
to evaluate the performance of the model. For the theo-
retical force model, the runout is not considered, so the
phase synchronization of the actual tooth is not applicable.
However, for the XGBoost model, the runout is predicted,
therefore, the actual tooth must be synchronized. The tooth
phase synchronization is presented in Fig. 8, where the
un-synchronized and synchronized predicted signals are
FXGBoost and FXGBoost−Sync, respectively. An important lim-
itation to mention is that an improper synchronization might
lead to additional error equivalent to the spindle runout in
the XGBoost model which would lead to an irregular error
during the evaluation of the model.

Note that the phase synchronization is performed by min-
imization of the root mean square error (RMSE). The results
of the models for each axis are written in the bottom left cor-
ner in Fig. 8. For all axis, the baseline XGBoost model for
p = 8 presented in this section has a normalized RMSE of
0.265 where the theoretical model reaches 0.141. This dif-
ference is related to the trained data of the XGBoost model
which is currently performed on a single period of the sig-
nal. More details on the evaluation method is presented in
the following section.

Fig. 8 Single period milling forces signals at p = 8 of the measured (red), theoretical model (dashed blue line) and XGBoost model trained at
p = 9 (synchronized: continuous black line; asynchronized: dashed black line) (Color figure online)
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Evaluation method

In this section, the error of the prediction is characterize by
a quadratic difference between the predicted and the real
cutting force. This is formulated for the sampled time signal
by the root-mean-squared difference between the predicted
(FPred) and real (FExp) cutting forces James and Coolidge
(1937), as followed:

EModel(p) =
√∑t1

t0(FExp
p − FTheo

p )2

t1 − t0
(13)

where p is the cutting operation number that can be found in
Table 1, FPred is the predicted force obtained by the XGBoost
model.

The testing set at p = 8 has an estimated error of 19 N,
where the theoretical model presented in “Cutting force
model” section has an error of 14.1 N. The results vary
depending on each testing set, so a normalized global error
is created, see Eq. (14).

EGlobal =
∑P

p=1

(
EModel(p)

)

P
, (14)

where P is the total number of cutting operations, due to the
17 down milling operations, here P = 17.

The baseline results for all range of technological param-
eters investigated are presented in the left panel of Fig. 9.

From these results, the theoretical model is globally better
due to its lower error values at each material removal rate.

The normalized error results show that the fitting is better
at a material removal rate of 4000mm3/min, which can be
attributed to the training set conducted at this operation. In
case of the theoretical model, the cutting coefficients were fit-
ted at the measurement number p = 9. Both errors follow the
same trend, where the XGBoost model performs worse than
the theoretical model, this might be related to the high depen-
dency of the theoretical model on the experimental forces.

The baseline model does not include the normalization
and scaling of the data, nor the training using more periods.
Moreover, the root mean square error is naturally lower at
small material removal rate due to the lower force amplitudes.
Therefore, a new error function is created to normalize the
results based on the maximum force of each operation. The
normalized error is presented in Eq. (15) and shown in the
right panel of Fig. 9.

ENormalized
Model (p) = EModel(p)

max(|FExp
p |)

(15)

The subsequent section is focused on optimizing the
model by taking into account several factors including train-
ing and testing features, and the hyperparameters.

Model optimization

This subsection presents the investigated optimization tech-
niques, including feature selection, normalization, and hyper-
parameter tuning, which were applied to improve the perfor-
mance of the XGBoost model for milling operations.

Fig. 9 Error evolution of the theoretical (blue) and XGBoost (black)
models according to the M RR of each technological parameter: EModel
(left panel) and ENormalized

Model (right panel) with dot-dashed lines rep-

resenting the error per cutting parameters and the continuous lines
representing the average error (Color figure online)
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The first optimization consists on the proper choice of the
features. As presented in the “Training and testing datasets”
section, there are four different training sets that are created
and evaluated with the baseline model. The optimal training
dataset is kept for the second optimization consisting in the
choice of the normalization and scaling technique.

The second optimization is based on the normalization and
scaling technique selection. In this study, three techniques are
tested for the XGBoost model in the prediction of the cut-
ting force model: the MinMax, Robust, and Standard scalers.
Similarly to the previous optimization process, the best scaler
is used for the third optimization.

In order to evaluate the impact of the data size on the
machine learning model. Several models are trained using a
different number of cutting force periods from 1 to 25 spindle
periods. The optimal number of periods for the training of the
model is selected regarding its error and computation time.

Finally, the model is fine-tuned using the three main
XGBoost hyperparameters: the learning rate, max depth and
number of estimators. The surface plot indicates the regions
of these hyperparameters where the error is lower, resulting
in a more computationally efficient model.

The following section will present the results of the opti-
mization process.

Results and discussion

In this section, the results obtained from each optimization
processes are presented with the validation of the optimized
XGBoost model.

Features

The features are optimized according to the evaluation of
the models using the four different training sets presented
in “Training and testing datasets” section. The results are
combined and presented in Table 4.

The results show that the theoretical force in the time
domain is a very important feature, as it has the lowest error
when used. By adding the frequency domain of the force to

Table 4 Evaluation of the models under various trained features using
a single period of the signal

Test no. Features EGlobal

FT heo FF FT E Normali zed
XG Boost E Normali zed

T heo

1 No No 0.423 0.219

2 Yes No 0.330

3 No Yes 0.422

4 Yes Yes 0.307

the training features, the average error is slightly lower than
with the time domain only, as seen in test N◦4 of Table 4.
Therefore, the training features of the test N◦4 is kept for
the following optimization processes. At this stage of the
study, the theoretical model has been evaluated and will not
be subject to any further improvements. So, the determined
21.9% average error is used as a benchmark for comparing
the performance of the XGBoost model.

As presented in this subsection, with the unnormalized
training data, the XGBoost model is far from achieving a
better fit than the classic theoretical model. The next sub-
section will show the efficiency of the normalization on the
model using the features of the fourth test.

Normalization

Normalization is a commonly used technique in machine
learning to enhance model performance and decrease com-
putation time. In this subsection, the MinMax, Robust and
Standard scalers (as discussed in “Preprocessing” section)
are applied to the test N◦4 using a single periods of the signal.
The optimal normalization technique is determined based on
the lower error achieved.

It is important to note that the different normalization tech-
niques result in varying values on the vertical axis of each
graph. This variation is due to the data transformation pro-
cess associated with each technique. The MinMax values can
be interpreted as an error percentage relative to the maximal
force of each individual operation.

Figure 10 shows the errors of the MinMax, Robust, and
Standard scalers for both theoretical and XGBoost models.
In our case of study, the results indicate that the MinMax
scaler is the best normalization and scaling technique for
optimizing the XGBoost model. The normalization is applied
to all features, resulting in differences from the previous
unnormalized results. It is evident from Fig. 10 that normal-
ization is advantageous for the XGBoost model, whereas the
theoretical model’s error significantly deviates from its base-
line results. After normalizing the selected features of the
test N◦4 (as described in “Evaluation method” section), the
global error has decreased by approximately 0.1 (from 0.28
to 0.183). This improvement in global error represents a sig-
nificant achievement, as it overcomes the theoretical results
previously obtained, which had a value of 0.219.

The main reason for the large theoretical model error is
the scaling process of the small values of the Z component of
the force. By removing the Z-components, the results become
more consistent and reliable over each operation with a global
error of 0.1347 and 0.1784 for the XGBoost and theoretical
models, respectively. Removing the Z component reduces
the error, resulting in improved performance of the models.
However, it is important to note that the Z component was
kept in for the optimization process due to the established
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Fig. 10 Error evolution of the MinMax, Robust and Standard scalers for the theoretical (blue) and XGBoost trained on 1 period (black) models
according to the M RR with dot-dashed lines representing the error per cutting parameters and the continuous lines representing the average error
(Color figure online)

Fig. 11 Error evolution of the MinMax, Robust and Standard scalers for the theoretical (blue) and XGBoost trained on 25 period (black) models
according to the M RR with dot-dashed lines representing the error per cutting parameters and the continuous lines representing the average error
(Color figure online)

model in the 3-axis and the availability of baseline results.
This allows for comparison with the already computed base-
line model. Consequently, the subsequent subsection focuses
on fine-tuning the XGBoost model for the prediction of all
three force components (X, Y, and Z).

The Robust and Standard scalers are influenced by the
amount of data, a large amount of data to normalize and
scale is likely to decrease the error. Figure 11 presents the
results of the normalization and scaling using 25 periods in
the data training.

It can be observed that the error has decreased significantly
enough to overcome the theoretical model for all scalers
investigated. In this case, the MinMax scaler remains the best
scaler. Therefore, it is selected in the following subsections
of this study.

The next subsection presents the importance of the amount
of data in the training of the model with its influence on

the model performance in terms of prediction accuracy and
computation time.

Data training

The XGBoost models presented in Table 4 were trained using
only one period. However, the amount of data used can
greatly impact the performance of the models. Therefore,
an additional study was conducted to determine the optimal
number of periods for the training set of the model. In this
subsection, several results are presented with various hyper-
parameters to observe its influence on the computational time
and the error tendency. For the baseline model, the results
of the global error normalized and its computational time
according to the number of periods for the training set using
the test N◦4 are presented in Fig. 12.
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Fig. 12 Plot superposition of the global error and computation time of the baseline XGBoost model (learning rate of 0.01, max depth of 5 and 100
estimators) according to the number of periods extracted for the training set

Fig. 13 Plot superposition of the global error and computation time of the XGBoost model using a learning rate of 0.02, max depth of 3 and 150
estimators according to the number of periods extracted for the training set

The results of the baseline model show that low error can
be achieved from the use of 2 to 10 periods in the training
set with less than 1% of error deviation from the best model
obtained with 2 periods. The computational time is increasing
consistently after the use of 3 periods. To confirm this finding,
further study was conducted with a learning rate of 0.02, max
depth of 3 and 150 estimators, the results are shown in Fig. 13.

Here the best model is achieved using 8 periods (red square
in Fig. 13 with a respective computation time of 81.05 s
using the baseline hyperparameters. After the 4th periods the
computation time is consistently increasing, which obviously
means that increasing the amount of data would slow down
the model. It is important to note that due to the computer
resources, the results of the computational time might vary
from each run, however, the tendency is similar for each run.
The hyperparameters used for the model such as the learning
rate can drastically impact the model’s computation time,
too.

At the maximal computation time of 150s (25 periods)
the error is approximately 17%. With a third of that time (8
periods), the error is 13.5%. Therefore, selecting a proper
amount of data to train the model not only saves time but it
also leads to better accuracy, making it a double win for the
machining performance.

At both hyperparameters investigated, the errors remain
relatively close to the global minimum between 2 to 10 peri-

ods, indicating that this valley should be targeted during the
training of the XGBoost. The high error obtained with a sin-
gle period might be explained by the data leakage, where
the model has not enough data to generate accurate predic-
tions and eliminate noise. In contrary with the increase in
the error after the 10 periods that might be explained by
the redundancy of data, where the data becomes increas-
ingly similar. Adding more periods to the training set of the
model would lead to a loss in fitting. Similar findings were
obtained in a study conducted by Guo et al. while predict-
ing the milling parameters on Carbon fiber-reinforced plastic,
the established XGBoost model performed better using small
datasets Guo et al. (2023).

As seen in this subsection, the hyperparameters play an
important role in the model’s performance. The following
subsection optimizes the hyperparameters using 5 periods of
the model.

Hyperparameter

The objective of this subsection is to identify the optimal
settings for the hyperparameters of the XGBoost model. The
previous results were based on a learning rate of 0.1, a max
depth of 5 and a number of estimators of 100. The model’s
hyperparameters were fine-tuned via a combination of hyper-
parameters that fits the model on the training set and evaluates
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Fig. 14 Optimal hyperparameters searching space. Left panel: 4D rep-
resentation of the error regarding the number of estimator, learning rate
and max depth with the optimal hyperparameters location (Pink square).

Right panel: 3D surface plot representation of the error versus learning
rate and number of estimators at 1 max depth with red contour of the
region at EGlobal=0.15 (Color figure online)

it on the 17 test sets, each corresponding to a different cut-
ting condition. Figure 14 shows the results of the optimized
hyperparameters.

The three hyperparameters investigated are the learning
rate, max depth and number of estimators. They all play
an important role in model optimization, as it is capable to
reduce the error at a certain combination. The investigated
search space is presented in Fig. 14, where the learning rate,
max depth and number of estimators are contain in a range
of 0.005 to 0.004, 1 to 6 and 50 to 350, respectively. The
global error normalized is contained in a range of 0.15 to
0.22, which overall overcome the theoretical model.

It can be observed that a small maximum depth (cor-
responding to shallow trees) is beneficial for the model’s
prediction accuracy, as shallow trees can be less prone to
overfitting and better at capturing the cutting force signal in
the presence of noise. An interesting results can be seen from
the learning rate and number of estimators, an inverse log-
arithmic dependency can be observed from the surface plot
of Fig. 14. This phenomena is highlighted in the figure with
the threshold of the global error at 0.15 (red line). Therefore,
selecting a high number of estimator could only be beneficial
at a low learning rate. In contrary, a high learning rate and
with few estimator would be enough to achieve a low error.
The best XGBoost model is achieved at a learning rate of
0.01, max depth of 1 and 200 estimators with a correspond-
ing global error of 0.147 (pink square on Fig. 14) contrary to
the previous 0.183 obtained by the normalization only.

Regarding to the computational time, model using a learn-
ing rate larger than 0.015 generates faster results. However,

there are no significant change in computational time for dif-
ferent number of estimators, as shown in Fig. 15.

Therefore, by combining this results with the previous
error, the best choice is to create a model with a low number
of estimators and a high number of learning rate, so the error
would be low as well as the computational time.

The next subsection validates the proposed optimized
model.

Validation of the model

This subsection evaluates and validates the proposed model.
The training set of the model is performed at p = 9, which
correspond to the median material removal rates value of the
proposed operations. The goal is to confirm the validity of the
proposed optimized model on the conducted milling opera-
tions. Therefore testing sets are created for all operations,
they are composed of only a single period contrary to the
model which has been trained on 5 periods of the measured
signal.

The combination of the best number of periods, normal-
ization techniques, features selection and hyperparameters
has been computed, the error evolution for all milling opera-
tions performed and the corresponding Fx component of the
force obtained experimentally and with the XGBoost model
are shown in the Fig. 16.

The techniques proposed in this framework can success-
fully remove the noise phenomenon that was introduced in
the baseline results shown in Fig. 8. The error is the lowest
at model’s training set (p = 9), however, as the material
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Fig. 15 Surface plot of the
computation time regarding the
learning rate and number of
estimators

Fig. 16 Evaluation of the XGBoost model trained at p = 9 and tested
for all p. Top panels: representation of Fx for p = 5, p = 9 and p = 13;
Bottom panel: Normalized error evolution of the XGBoost model for

all cutting parameters p = 1 to p = 17 (black line) with training set at
p = 9 (green square) and global error of the theoretical model (dashed
blue line) (Color figure online)

removal rates deviates from the training set. Except for the
operations p = 10, the error increases in a consistent man-
ner. Overall, the XGBoost model overcome the theoretical
model in each milling operation, showing higher prediction
performance.

This results validates the use of the optimized XGBoost
model, it is a robust model due to the slow increase of the
error while deviating from the training set. The following
section discusses the results of this investigation.

The next section summarizes the results obtained by the
proposed investigated XGBoost model.

Conclusion

In this study, the eXtrem Gradient Boosting algorithm has
been investigated for accurate cutting force prediction dur-
ing the down-milling of Al2024. The model was tested on
17 different operations with only a single one used for its

training. This study demonstrates the great effectiveness and
robustness of the eXtrem Gradient Boosting model in pre-
dicting milling forces during milling operations. The primary
outcomes are summarized in the following points:

• The XGBoost model has to be well trained in order to
produce a robust and effective prediction of the cutting
force. The basic form of the un-optimized eXtreme Gra-
dient Boosting model provides an unstable and rough
estimation of the cutting force, with an error of 42.3%
compared to the 21.9% obtained via the classic theoret-
ical cutting force model. This large difference is mostly
due to the training and preprocessing of the model’s fea-
tures which does not provide enough information. This
observation would be even more visible if used at a higher
material removal rate. In this case, it is recommended to
train the model on a large database of operations.
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• By adding the theoretical cutting force in the time and
frequency domain to the features, the XGBoost model
can reach an error of 30.7%, which still does not provide
a competitive model facing the classic theoretical model.
However, the application of the MinMax scaler to the fea-
tures allows the XGBoost model to overcome the classic
theoretical force for 15 cutting force prediction over the
17 conducted and removes the unstable force predictions
obtained in the un-optimized form of the model.

• The proper number of periods used for the training of the
model can bring additional support to its accuracy. The
global error is less than 16.5% when training the model
from 2 to 10 periods, while outside of this window, the
global error can go up to 18.5%. Similar results are seen
after fine-tuning of the hyperparameters.

• The hyperparameters have a non-negligible influence
on the output-cutting force prediction. Best results are
obtained at a max depth inferior to 2. It is found that
the number of estimators and the learning rate have
a logarithm dependency. A Low learning rate with a
high number of estimators or a high learning rate with
a low number of estimator lead to good cutting force
predictions. From the investigated hyperparameters; the
optimal error is obtained at a learning rate, number of esti-
mators and max depth of 0.01, 200 and 1, respectively,
with a 14.7% global error.

• The conducted experimentation presents a small spindle
runout that can be predicted using the XGBoost model,
contrary to the classic theoretical model. This brings an
important advantage, especially at high runout. However,
the runout also limits the model capability, as it can cre-
ate a half-period phase shift to the force leading to errors
proportionally equal to the runout. To ensure the proper
phase shift, one solution is to re-synchronize the pre-
dicted force signal.

These findings have important implications for the man-
ufacturing industry, providing valuable insights into how to
optimize milling operations, minimize the necessary amount
of machining tests, improve production efficiency, and reduce
costs.

This study is limited to 17 milling operations at large
material removal rates. Future research could focus on evalu-
ating the reliability of the XGBoost model for lower material
removal rates, such as in micro-milling operations, where
complex theoretical models including the size effect, runout,
tool deflection, and others are typically required to predict the
cutting forces. This would provide valuable insights into the
limitations the eXtrem Gradient Boosting model for micro-
milling operations.
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