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ARTICLE INFO ABSTRACT
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The volumetric accuracy of machine tools is important to both machine tool manufacturers and users. Predicting
volumetric errors (VEs) is a pre-requisite for their compensation yielding increased dimensional quality of
machined parts. However, predicting VEs in five-axis machine tools is challenging due to the complexity of error
sources and their associated physics-based model. Machine learning (ML) is used to predict VEs under no load
and stable thermal conditions. Data is acquired using a scale and master ball artefact (SAMBA) and on-machine
touch probing. A general process for determining the minimum number of balls required to generate data to
satisfactorily train an ML model is proposed. The VEs prediction is verified using synthetic data for inter-axis and
some intra-axis geometric errors, and then validated using only experimental data. Different datasets based on
decreasing number of balls are tested to train either a Neural Networks (NN) or an eXtreme Gradient Boosting
(XGBoost) algorithm to compare their performances. The results show that, both NN and XGBoost are effective to
predict VEs of a five-axis machine tool with wCBXfZY(S)t topology regardless of the geometric error parameter
values. By using only experimental data of twenty balls to train the models, XGBoost outperforms NN in all four
error metrics and processing time. A time efficient scheme was tested whereby only two master balls plus one

scale bar dataset and an additional master ball (when only the spindle rotates) were used for training NN.

1. Introduction

Ensuring the machining accuracy of multi-axis, especially five-axis,
machine tools is necessary for machine part quality and is the subject
of much research [1,2]. There are many different factors affecting the
machining accuracy, which can be classified into two categories: the
inaccuracy of the machine tool itself and the error sources present
during the machining process. In general, machine accuracy is defined in
terms of its volumetric errors (VEs) [3]. VEs compensation is an
attractive way of improving machining accuracy and has been widely
studied. Before correctly compensating for the VEs, it must be accurately
predicted. There are two main methods for predicting VEs: one is to use
physics-based models and the other is to use data driven, which in-
cludes, amongst others, lookup tables and machine learning (ML)
models.

Researchers used homogeneous transformation matrices (HTMs),
either to describe the relationships between the machine tool structural
elements [4] or to represent the geometric error of translation and

* Corresponding author.
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rotation of each axis, and squareness errors between two linear axes [5].
The result is a generic kinematic model of VEs for five-axis machine tools
[6]. Other researchers firstly used an error budget to define thermal
errors [7] or kinematic errors [8]. Then they applied homogenous ma-
trix method to propagate assembly errors in multitasking machines [7],
or applied homogenous matrix method, FEM analysis along with
experiment to evaluate errors in a CNC turning center [8]. Inigo et al. [9]
presented a methodology for simulating and analyzing machine tool
error mapping process. Xiang and Altintas [10] proposed a systematic
method to model, measure and compensate VEs due to both position
dependent (intra-axis) and position independent (inter-axis) geometric
errors of five-axis CNC machine tools. They used the screw theory to
model the forward and inverse kinematics of the machine tool, and used
error motion (intra-axis errors) twists to represent 41 errors (covering
both intra-axis and inter-axis errors) of a five-axis machine. Rahman and
Mayer [11] predicted VEs of five-axis machine tool through an indirect
estimation of intra- and inter-axis error parameters by probing facets on
a scale enriched uncalibrated indigenous artefact and considered the
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Fig. 1. Process of study the possibility of ML models for VEs prediction.
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Fig. 2. Structure of the multilayer perceptron neural network.
(adapted from [19]).
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Fig. 3. Work process of XGBoost.
relationship between prediction capability and the complexity of the volumetric residual vectors’ norm of 2.87 ym down to 1.38 um. How-
model. They found that by gradually increasing the modelled errors ever, the model complexity and the risk of parameter coupling increases
from only inter-axis errors with ten parameters to also intra-axis for a and the model needs to be specifically developed for each new machine

total of 86 parameters, the prediction capability increases from a mean topology. Also, the ability to represent the errors is limited by the model
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Table 1
Machine error parameters.

Symbol Description Range

Workpiece branch location errors

EA(0Z) Out-of-squareness angle of the B-axis -0.025 prad to + 0.025
B relative to the Z-axis prad

EC(0X) Out-of-squareness angle of the B-axis —0.025 prad to + 0.025
B relative to the X-axis urad

EX(0B) Distance between the B and C axes. —10 um to + 10 um
C

EA(OB) Out-of-squareness of the C-axis relative to -0.025 prad to + 0.025
C the B-axis prad

EB(0X) Out-of-squareness of the C-axis relative to —0.025 prad to + 0.025
C the X-axis prad

Tool branch location errors

EB(0X)Z Out-of-squareness of the Z-axis relative to —0.025 prad to + 0.025
the X-axis prad

EA(0Z) Out-of-squareness of the Y-axis relative to -0.025 prad to + 0.025
Y the Z-axis urad

EC(0X) Out-of-squareness of the Y-axis relative to —0.025 prad to + 0.025
Y the X-axis prad

Spindle location errors

EX(0B)S X offset of the spindle relative to the B-axis = -10 pm to + 10 pm
EY(0 C) Y offset of the spindle relative to the C-axis = -10 pm to + 10 pm
S

Linear axes component errors

EXX Positioning linear error term of the X-axis —0.025 pm/m to
+ 0.025 pm/m

EYY Positioning linear error term of the Y-axis -0.025 ym/m to
+ 0.025 ym/m

EZZ Positioning linear error term of the Z-axis —0.025 ym/m to
+0.025 um/m

itself. For example, Slamani and Mayer [12] found that polynomial
models of degree three to four are sufficient for most intra-axis errors,
but in some cases a quartic polynomial was needed. Li et al. [1] used the

X}

7

{F}
2}

Fig. 5. Kinematic model (a) without errors; (b) with errors.
(adapted from [26]).

13-line method and the static R-test to obtain the geometric error of the
linear and rotary axes, respectively, and constructed the VEs prediction
model according to the kinematic model and the identified error. The
applied VEs compensation method based on the sag error compensation
and table multiplication functions in Siemens 840D numerical control
system reduced the largest geometric error of an NAS (National Aero-
nautical standard) test piece by 63.5 %. The mentioned physics-based
models used to predict VEs are usually topology dependent and can
only take into account errors that are considered in the model. Model-
ling those requires expert knowledge.

Araie et al. [13] designed a method and apparatus for correcting
positioning errors on a machine tool. In this patent, the neural networks
inferred the thermal deformation of the machine components based on
measured temperatures. A correction signal is then obtained using the
inferred thermal deformation values. The axis correction signals, in
combination with drive signals, are used to move the tool and/or
workpiece to correct any positioning error. Fines and Agah [14] tested
several artificial neural network architectures to compensate machine
tool positioning errors. They selected and implemented the artificial
neural network optimized with Levenberg-Marquardt algorithm on a
single spindle two-axis CNC lathe resulting in a reduction of the
maximum average error from 142 yum down to 24 uym. He et al. [15]
collected data using the step diagonal test introduced in [16], and
compared the motion errors predicted by Least Square Support Vector
Machine (LS-SVM) and by ANN. LS-SVM outperforms ANN, with a
maximum average relative prediction error of 4.67 % and 28.42 % for
LS-SVM and ANN, respectively. Wan et al. [17] proposed a Gaussian
process regression based (GPR-based) method to predict and compen-
sate the VEs. The mean value of the VEs and its prediction error were
0.16 mm and 0.02 mm, respectively. Nguyen et al. [18] trained linear,
Support Vector Machine (SVM), eXtreme Gradient Boosting (XGBoost),
Artificial Neural Networks (ANNs) with Single, MultiOutput and

(b)

EA(OB)C / qu
EB(0X)C %’ ~ Ex(oB)C m
4
® fEY(0C)s
\} ZEA(0Z)B “EX(0B)S
EB(0X)Z
o & / ~EA(0Z)Y
 r
(, Ectox)y
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Fig. 6. Process of generating learning curve of an XGBoost regression model based on synthetic data.

—_—— e e e e — — — — e — == == —
—— Training set I —— Training set [
0.0070 —— Validation set | Validation set
" 0.0020 |
0.0060 1 I
E I
EE..’ RnEe £ 0.0015 I
n | i |
E 0.0040 | = \
(-4
© P (360,0.97m) [
2 0.0030 | $0.0010 M
5 ‘ 5 ~_ (720,0.766um) |
— >
Z 0.0020 T 1z * I
I | L
pp— " 0.0005 I
l.\\fm: I I
0.0000 | — I
0.0000 |
0 10000 20000 30000 40000 50000 60000 70000 | 0 500 1000 1500 2000 2500 3000 3500 4000
Training set size Training set size I
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machine tool’s inter- and intra-axis geometric errors.

Chained MultiOutput regression using VEs of a five-axis large gantry
tilting head machine tool, collected by a laser tracker, then, tested and
compared their performances based on three statistical metrics: Root
Mean Square Error (RMSE), Mean Absolute Error (MAE) and Coefficient
of Determination (R?). The SVR with Single regression model had the
best VEs predictive performance with the RMSE of 0.032 mm, a 27 %
improvement compared to the polynomial technique.

In the abovementioned ML-based VEs prediction methods, each
article only studies VEs of one specific machine tool error instance, i.e.
under a specific case of error condition. The three main contributions of
this paper are: 1) to study the robustness of selected ML models to
predict VEs of machines with the same topology but different machine
error instance; 2) to investigate complementing the limited number of
experimental data with semi-synthetic data from a calibrated kinematic
model; and 3) to propose a general process for determining the mini-
mum number of measurement data required to train a well-performing
ML model. The paper is organized as follows: the possibility of ML
models for VEs prediction is studied by simulations in Section 2. Section

139

3 presents the experimental validation, followed by a discussion on
selecting the suitable data in Section 4 and finally Section 5 presents
conclusions.

2. Performance study of ML models for VEs prediction using
synthetic data

Volumetric error (VE) is the positioning error Cartesian vector of the
tool tip with respect to its desired position in the workpiece frame
projected in the machine coordinate system. A general process (Fig. 1) is
proposed to discuss the use of ML models for VEs prediction using
synthetic data. Generated synthetic data is split into training and testing
sets. Two ML models are trained using the training set, and evaluated
using the testing set. The performance of the two trained ML models is
studied and compared.
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Fig. 11. RMSE of NN and XGBoost trained with synthetic data that uses a randomly generated measurement strategy and 100 instances of machine tool’s inter- and

intra-axis geometric errors.

2.1. The machine learning models considered

In order to verify the possibility of using ML models to predict VEs,
two popular ML models are selected for study and performance com-
parison: Neural network and eXtreme Gradient Boosting. Those two ML
models could both deal with tabular data and could capture the
nonlinear relationship between input and output.

2.1.1. Neural network [19]

A neural network (NN) is a mathematical function that can be simply
expressed as Eq. (1). fyn, as a nested function has different forms
depending on the number of NN layers. Let us take a three-layer NN that
returns a scalar as an example (see Eq. (2)),

Y =fun(x) (€9)

Y =fan(x) = f3(F2(f1(x))) 2

In Eq.(2), f3 is a scalar function for the regression task, f; and f, are
vector functions in the following form (see Eq. (3)):
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filz)2g(Wiz +by) 3

where [is the layer index, ranging from one to any number of layers; g is
an activation function; the matrix W; and the vector b; are parameters of
each layer learned by optimizing a specific cost function using the
gradient decent.

The multilayer perceptron (MLP), or vanilla NN, architecture of NN
is considered. An MLP with five-dimensional input, two layers consisting
of four and six neural units and one output layer with three units is
depicted in Fig. 2. Firstly, all the original inputs in blue circle are sent
directly to each neural unit in the first layer. Then all the inputs sent to
each neural unit are combined together to form an input vector. After
that, each neural unit applies a linear transformation on each input
vector. Then each neural unit applies an activation function on the result
of the linear transformation to obtain the output value. The output of the
first layer becomes the input of the second layer, and the same process is
repeated. Finally, the output of layer 2 is sent to the neural unit of layer
3, after the same operation, the final output value is calculated.
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intra-axis geometric errors.

Depending on the activation function of the neural unit in the last layer,
the NN can solve either regression problem using linear activation
function or to solve a binary classification problem by applying a logistic
function.

In addition, an efficient algorithm called backpropagation is used to
update the parameter values of the NN. During gradient descent, the
parameters of the NN are updated in each iteration of training, in pro-
portion to the partial derivatives of the cost function with respect to the
current parameters. The NN used in our study employs backpropagation.

2.2. eXtreme gradient boosting

With the advantages of short processing time, high predictive accu-
racy and scalability, eXtreme Gradient Boost (XGBoost) has been widely
used to solve regression problems in many fields, such as medical,
banking and mechanical machining [18]. Considering both the accu-
racy, the ability of handling non-linear relationships, its robustness
against overfitting and processing time of the model, XGBoost is chosen
as one of the models to test the possibility of predicting VEs.

141

XGBoost is a gradient tree boosting algorithm [20] introduced by
Tianqi Chen in 2015, which follows gradient boosting [21]. Instead of
obtaining all the trees simultaneously, the algorithm iteratively fits the
model based on the residuals from the previous training process and the
newly added trees (Fig. 3) [22]. To prevent the model from overfitting,
its objective function (Eq.(4)) introduces a regularization term to bal-
ance the loss and complexity of the model [20].

K

L=1UY,Y)+ Y Q(Fr)
k=1

4

where Q(.) is the regularization term to measure the complexity of the
model to penalize the complicated models. For more details about tree-
based algorithms, please refer to the related text book [23].

2.3. Model performance assessment criteria

Three metrics are calculated to analyze the results in each direction:
root mean square error (RMSE) [24], mean absolute error (MAE) [24],
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Fig. 13. fitting of NN and XGBoost trained with synthetic data that uses a randomly generated measurement strategy and 100 instances of machine tool’s inter- and

intra-axis geometric errors.

and fitting [25] using Eqs. (5)—(7), respectively, where n is the number of
observations, Y is the predicted value of the VEs component, y is the true
target value, and Ymax and Ymin are the maximum and minimum
values of the true target values, respectively.

¥i-»)?
(5)
n
2 yi-yil
MAE = ! (6)
fitting(%) = (1 — )ﬂ) x 100 @

Moreover, to have an overview of the performance of different
models, prediction error norm ratio with respect to the norm of the VE
(PENRyg) (Eq.(8)) and average PENRyg (PENRyz) of each model are
calculated.

llell
I VE]|

PENRyg = (8)
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where ||e|| and || VE|| are the norm of prediction error and norm of VE,
respectively.

2.4. Generation of synthetic data

In Section 2, the two ML models are trained using synthetic data
based on two measuring strategies: 1) a large randomly generated
measuring strategy; and 2) the same measurement strategy as the one to
be used for the experimental validation, which takes into account real-
istic situations, such as collisions and accessibility of the measured
calibration balls. The general process of generating synthetic data is
illustrated in Fig. 4. N =100 sets of machine error parameters are
generated, representing N different instances of machine tool’s inter-
and intra-axis geometric errors with the same topology wCBXfZY(S)t. As
shown in Table 1, each set consists of thirteen machine error parameters,
including axis location errors such as out-of-squareness between the Y
and X axes, spindle location errors and the linear axes positioning linear
errors. The randomly generated measurement strategy consists of
randomly generated nominal positions of two double ball bars and balls
of different stem lengths, among which, some are used for training
purpose, and others for testing. Two sets of rotation axis position pairs,
denoted as (by, ¢;), where b; and ¢; are the command angular positions of
the B- and C-axis, respectively, are created, one set of 180 (bj, ¢;) pairs
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experimental validation and 100 instances of machine tool’s inter- and intra-axis geometric errors.

for training and the other set of 45 (b, ¢;) pairs for testing. The strategies
also include which balls are measured at each (b, ¢;) rotary axes position
pairs. The strategies are identical for all simulated machine tool error
instances. Axis commands are computed using the nominal kinematic
model (illustrated in Fig. 5(a)). Finally, the raw probing results data are
fed into the thirteen_error model (illustrated in Fig. 5(b)) to generate the
N sets of translational VEs in the machine tool foundation frame. A
translational VE vector is obtained for each ball measurement.

2.5. Learning Curve

To determine the amount of training data required to achieve good
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prediction performance, the variation of average RMSE of the training
set and of the validation set of XGBoost trained with different number of
training data, also known as the learning curve, is generated. Based on
the general process of generating synthetic data (Fig. 4), one simulated
machine tool error instance of the thirteen errors (Table 1), nominal
position of four master balls and one scale bar ball, (b;, ¢;) pairs are used
to generate a strategy. The B- and C-axis are rotated from —90 degrees to
+ 90 degrees and from —180 degrees to + 180 degrees, respectively. To
make the generation of random degrees uniformly distributed, the B-axis
and C-axis are designed to have 600 and 300 random degree values in 5-
degree increments, respectively, so that there are 21600 (b, ¢;) pairs for
each ball, and in total 86400 (21600 *4) measurements will be used in
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Fig. 16. RMSE of NN and XGBoost with synthetic data that uses the same measurement strategy as the one to be used for the experimental validation and 100

instances of machine tool’s inter- and intra-axis geometric errors.

this section. Applying the five-fold cross-validation technique [27]
(Fig. 6), 86400 samples are randomly divided into five equal size folders
of 17280 samples. Five training and validation processes are conducted.
For each training and validation process, data from four out of the five
folders are used for training, and data from the remaining folder is used
for validation. Thus, five sets of predictions are made. The RMSE is
computed for each dataset and the average RMSE considering all data-
sets. Initially, only one sample is taken from the training set (data in the
four folders) to train the model and then compute the average RMSE for
the validation set and the individual training data. The average RMSE of
the model trained with only one training sample is 0.003 nm, while the
average RMSE of the validation samples is about 7.5 pm. The reason for
this is that a model trained with only one sample does not have the
generalization ability to accurately predict unseen data. Forty-five
samples from the training dataset (data in the four folders) are then
used to train, each time doubling the training size until 46080, and
finally the entire training set of 69,120 instances is used. The variation of
average RMSE of the training and validation sets with increasing
training size is shown in Fig. 7. When the training size is very small, the
learning curve of the validation set is at the highest point but decreases
with the increase of the sample size of the training set and gets closer to
the learning curve of the training set. The average RMSE of the valida-
tion set decreases with the increasing size of the training set, and the gap
between the two is smaller, indicating that the model is a better fit and

144

there is no overfitting or underfitting. The validation average RMSE
decreases rapidly until the sample size is 360 (average RMSE of
0.97 pm), after which the improvement is slower and hardly changes
after the sample size reaches 3000. We can conclude that with XGBoost,
3000 training samples are needed to get very good performance. How-
ever, using 720 training samples (four balls and approximately 225 (b;,
c;) pairs; however, not all four balls are measured at each of the 225 (b;,
cj) pairs), the average VE norm of the validation set is about 12 ym, and
the average RMSE is only 0.766 um. Therefore, 720 samples are used as
the training size for generating synthetic data.

Although the size of 720 samples is small compared to 3000 samples,
it is still difficult to obtain such amount of data in practice. Thus, in
Section 3, we use a dataset containing 264 experimental data from [26]
to validate and compare the performances of ML models.

2.6. Performance of ML models trained with the large synthetic dataset
that uses a randomly generated measurement strategy

Based on the results obtained in Section 2.4, the desired training size
is at least 720. Those 720 samples are generated using four balls and 180
(by, ¢p) pairs. To provide the same type of information as for a SAMBA
test, we add another 12 samples, which includes four data samples from
the two scale bar balls, four data samples from one of the four balls
(when only the spindle is rotated), and four data samples from four balls
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Fig. 17. MAE of NN and XGBoost with synthetic data that uses the same measurement strategy as the one to be used for the experimental validation and 100

instances of machine tool’s inter- and intra-axis geometric errors.

(when the B-axis and C-axis are at 0°). The training is conducted for one
hundred different simulated instances of machine tool errors. For
testing, different four balls location and 45 new (b, ¢;) pairs are used.
Both XGBoost and NN models are evaluated.

2.6.1. Performance of NN trained with the large synthetic dataset that uses
a randomly generated measurement strategy

Fig. 8 shows the predicted VEs using NN. In Fig. 8, the red line in-
dicates the perfect prediction line, and the dots of different colours
indicate the predicted VEs of different simulated machine tool error
instances. Most predicted VE components are very close to the simulated
(true) VEs, for simulated machine tool error instances. The results show
that the same NN structure and hyper-parameters provide similar results
regardless of the machine tool’s geometric error parameters.

2.6.2. Performance of XGBoost trained with the large synthetic dataset that
uses a randomly generated measurement strategy

The predicted VEs by XGBoost are shown in Fig. 9. Similar to the
previous NN plot, the red line indicates a perfect prediction, and the
different colour dots are the predicted VEs of different simulated ma-
chine tool instances. The coloured dots are located near the red line,
meaning that the model can closely predict VEs. Results for the x and z
components are not as good as for the y component. The results show
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that, independently of the simulated machine tool error instance, the
same structure and hyper-parameter of XGBoost yields similar results.

2.6.3. Comparison results using NN and XGBoost based on the large
synthetic data that uses a randomly generated measurement strategy

Translational VEs predicted using NN and XGboost are shown in
Fig. 10. The orange and blue dots indicate the VEs predicted by NN and
XGBoost, respectively, while the red dotted line represents a perfect
prediction. The width of the blue region of the XGBoost predicted VEs is
larger than the width of the orange zone of the NN predicted VEs, which
indicates predicted VEs by XGBoost are further away from the perfect
prediction than the predicted VEs by NN. Results show that NN performs
better than XGBoost in predicting the VEs when training the ML model
using synthetic data for the simulation conditions used.

In all three directions, the RMSE (Fig. 11) and MAE (Fig. 12) of NN
are smaller than those of XGBoost, and fitting (Fig. 13) of NN is larger
than that of XGBoost, also with less fluctuation. The results show that
NN has a more robust performance in predicting VEs based on synthetic
data that uses a randomly generated measurement strategy.

Fig. 14 shows the average prediction error norm ratio with respect to
the norm of the VE (Eq. (8)) of each simulated machine tool using NN
and XGBoost. NN performs better than XGBoost with the worst-case
prediction error norm ratio of 0.08 and 0.19, respectively.
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Table 2

Average and standard deviation of different metrics of NN and XGBoost trained
with synthetic data that uses randomly generated measurement strategies or the

planned experimental strategy, and for all 100 simulated machine error sets.

Average/
Standard
deviation of
different
metrics of NN
and XGBoost

Synthetic data that uses
randomly generated
measurement strategy

Synthetic data that uses the

same measurement strategy

as the one to be used for the
experimental validation

Direction

X Y VA

Average RMSE
of NN (um)
Average RMSE
of XGBoost

(um)

RMSE
standard
deviation of
NN (um)

RMSE
standard
deviation of
XGBoost
(um)

Average MAE
of NN (um)

Average MAE
of XGBoost
(um)

MAE standard
deviation of
NN (um)

MAE standard
deviation of
XGBoost
(um)

Average fitting
of NN

Average fitting
of XGBoost

fitting standard
deviation of
NN

fitting standard
deviation of
XGBoost

Average of
prediction
error norm
ratio of 100
simulated
machine
tool of NN

Average of
prediction
error norm
ratio of 100
simulated
machine
tool of
XGBoost

Standard
deviation of
prediction
error norm
ratio of 100
simulated
machine
tool of NN

Standard
deviation of
prediction
error norm
ratio of 100
simulated
machine

0.36 0.47 0.41

0.97 0.73 0.86

0.065 0.083 0.047

0.240 0.110 0.200

0.28 0.40 0.31

0.76 0.68

0.049 0.078 0.036

0.190 0.100 0.150

99.5 % 99.2 % 99.3 %

98.6 % 98.8 % 98.6 %

0.09 % 0.14 % 0.08 %

0.36 % 0.20 % 0.32 %

0.04

0.08

0.014

0.036

0.84 0.86 0.95

1.80 1.10 1.80

0.30 0.22 0.26

0.52 0.24 0.41

0.68 0.71 0.78

0.90

0.24 0.18 0.21

0.38 0.17 0.34

95.2% 93.8% 95.5%

89.9% 922% 914 %

2.4 % 1.8% 1.7 %

3.5% 1.4% 2.7 %

0.16

0.033

0.063
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Table 2 (continued)

Average/ Synthetic data that uses Synthetic data that uses the
Standard randomly generated same measurement strategy
deviation of measurement strategy as the one to be used for the
different experimental validation
metrics of NN Direction
and XGBoost
X Y Z X Y Z
tool of
XGBoost

Fig. 20. Scale and master balls artefact (SAMBA) undergoing probing on a
wCBXfZY(S)t machine; shown for b = —90°, ¢ = —270°. (reprinted from [26],
Copyright (2012), with permission from Elsevier).
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Fig. 21. Nominal positions of 24 master balls in machine table frame when b
= 0°, ¢ = 0°; balls in red ellipse are used for testing purpose.

Overall, the performance of both NN and XGBoost trained with
synthetic data that uses a randomly generated measurement strategy
shows that ML models can be applied to predict VEs for the kinematics of
the target five-axis machine tool with different machine error parame-
ters by using axis commands as input. NN slightly outperforms XGBoost.

2.7. Comparison of NN and XGBoost results for synthetic data that uses
the same measurement strategy as the one to be used for the experimental
validation

A simulation will now be conducted that closely follows the condi-
tions of experimental validation to be presented in Section 3. Twenty-
four master balls plus a scale bar are used and eleven (b, c;) pairs.
The one-hundred simulated machine tool error instances are re-used as
presented in Section 2.3. The process is as illustrated in Fig. 4. The
specific balls are selected randomly to divide the data into a training set
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Table 3
Pearson correlation coefficient of prediction error between ML models and the
kinematic model based on 264 experimental data.

Direction

X Y Z
Correlation between NN and kinematic model 0.69 0.90 0.89
Correlation between XGBoost and kinematic model —0.21 0.65 0.24

(with twenty balls) and a testing set (with four balls). Moreover, the
eleven (b, ¢;) pairs are randomly divided into eight (b;, ¢;) pairs for
training and three (b, c;) pairs for testing. Predicted VEs by NN and by
XGBoost, for synthetic data emulating a real experimental procedure are
shown in Fig. 15. The orange and blue dots indicate the VEs predicted by
NN and XGBoost, respectively, while the red dotted line represents a
perfect prediction. The width of the blue region of the XGBoost pre-
dicted VEs is slightly larger than the width of the orange zone of the NN

Max, Min, and Std Dev of prediction errorin X-axis Max, Min,

and Std Dev of prediction error in Y-axis

predicted VEs in X and Z direction, which indicates some of the pre-
dicted VEs by XGBoost are further away from the perfect prediction than
the predicted VEs by NN in those directions. However, in the Y direction,
NN and XGBoost perform similarly.

To better evaluate and compare the performance of NN and XGBoost,
RMSE, MAE and fitting are calculated and presented in Fig. 16, Fig. 17
and Fig. 18, respectively. All the results show that, NN performs slightly
better than XGBoost in the X and Z direction. The performance of these
two models is quite close in Y direction.

Fig. 19 shows the average prediction error norm ratio with respect to
the norm of the VE (Eq. (8)) of each simulated machine tool error
instance using NN and XGBoost. The performance of NN is better than
XGBoost with the worst-case prediction error norm ratio of 0.21 and
0.36 respectively.

Overall, by using synthetic data based on the experimental strategy,
similar performance, with a slight advantage for NN, is obtained for both
NN and XGBoost with the same structure and hyper-parameters used in
the previous sections.
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Fig. 24. Plot with Max, Min and Std Dev of prediction error using kinematic model, NN and XGBoost based on 264 experimental data.
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2.8. Discussion

To better compare the performance of NN and XGBoost trained with
synthetic data that uses different measurement strategies, the average
and standard deviation of the four metrics are calculated and presented
in Table 2.

When NN is trained with synthetic data that uses a randomly
generated measurement strategy, the performance of different simulated
machine tool error instance is quite similar with a standard deviation of
RMSE, MAE and fitting less than 0.09 um, 0.08 um and 0.14 % in all three
directions, respectively, while the standard deviation of RMSE, MAE and
fitting of XGBoost is slightly higher than those of NN. Using NN, the
performance in Z direction is more stable and less sensitive to variations
in the data, while using XGBoost there is a better performance in Y di-
rection. Regarding the standard deviation of prediction error norm ratio
of 100 simulated machine tool error instances, there is a better perfor-
mance and less fluctuation between different simulated machine tool
error instances using NN than using XGBoost with averages of 0.04 and
0.08, and standard deviations of 0.014 and 0.036, respectively.

NN trained with the synthetic data that uses the same measurement
strategy as the one to be used for the experimental validation, the
standard deviation of RMSE, MAE and fitting is higher than for the
training with synthetic data that uses randomly generated measurement
strategy. Using NN, the performance in all directions is quite similar,
while using XGBoost there is a better prediction in the Y direction.
Regarding the standard deviation of prediction error norm ratio of 100
simulated machine tool error instances, there is more fluctuation of
different simulated machine using XGBoost than using NN with the
standard deviation of 0.063 and 0.033, respectively.

The performance of both NN and XGBoost trained with synthetic
data that uses different measurement strategies shows that ML models
can be applied to predict VEs caused by the 13 machine error parameters
of the target five-axis machine tool for different machine error param-
eter values by using axis commands as input. NN slightly outperforms
XGBoost for data from both measurement strategies. The predictive
performance of NN and XGBoost trained by four balls with 180 (b;, ¢;)
pairs is better than that of twenty balls with eight (b, ¢;) pairs, which
indicates that the measurement strategy has an impact on the perfor-
mance of both NN and XGBoost. Moreover, given that the number of
samples in the randomly generated measurement set is 720 while the
one in the same measurement strategy as the one to be used for the
experimental validation is only 160, we can also conclude that, NN is
more sensitive to the number of training samples than XGBoost. For a
five-axis machine tool, many of the parametric errors propagate to the
tool and workpiece through the kinematic chain. The ML models appear
to be able to perform nearly as well as the kinematic error propagation
model. In Section 3, a set of experimental data is used to further validate
the possibility of using ML models to predict VEs.

3. Experimental validation

A previous experimental investigation of the SAMBA method (Scale
and master balls artefact) was conducted on a Mitsui-Seiki HU40T
horizontal machining center with wCBXfZY(S)t topology [26]. The
experimental setup is shown in Fig. 20, in which, a fixed length magnetic
double ball bar, and a 24 ceramic balls reconfigurable uncalibrated
master ball artefacts (RUMBA) with different nominal lengths of 75,
100, 125, 150 and 175 mm, are mounted on the machine pallet at only
nominally known positions. A Renishaw® MP 700 touch-trigger probe
with a 100 mm stylus is installed in the spindle. During the experiment,
all 24 balls were measured by probing eleven (b, c;) pairs. The ball bar is
measured once horizontally, parallel to the machine X-axis, at b=c= 0°,
and once vertically, parallel to the machine Y-axis, at b= 0° and c= 90°.

A total of 272 ball center measurements were obtained, of which
eight outliers were removed leaving 264 samples for processing. The
dataset consists of VEs at different positions throughout the machine
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Fig. 31. Prediction error of NN, XGBoost and kinematic model in X, Y and Z directions using 264 experimental data after correction for EX(0B)C and EX(0B)S.

and hyper-parameters used in Section 2, are evaluated using the
. - - . experimental datasets. Data from randomly selected master balls No. 3,
Pearson correlation coefficient of prediction error between ML models and ki-

nematic model based on 264 experimental data after correcting EX(0B)C and EX 9,17 and 22 (Fig. 21), with three (b;, ¢;) pairs is used to test the per-
(0B)S. formance of the two ML models. Data from the two scale bar balls, ball

No. 26 when only the spindle is rotated, and all of the remaining twenty

Table 4

Direction balls, with the other eight (b;, ¢;) pairs are used for training.

X Y Z The machine tool used in this study suffers from large EX(0B)C and
Correlation between NN and kinematic model 0.79 0.86 0.69 EX(0B)S errors of the order of 100 um. In order to avoid having two error
Correlation between XGBoost and kinematic model 0.76 0.43 0.82 sources dominate the others and so potentially unfairly improving the

performance of the ML models, models are evaluated based on the
experimental data and re-evaluated after correcting the data for the VEs
due to EX(0B)C and EX(0B)S. The results are presented in Sections 3.1
and 3.2 respectively.

work envelop, corresponding to different X-, Y-, Z-, B- and C-axis posi-
tions that corresponds to the stylus tip of the touch probe being virtually
positioned at the center of the ball.

The same structure of NN and XGBoost, with the same parameters
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3.1. Comparison results using NN and XGBoost based on 264
experimental data

Fig. 22 and Fig. 23 compare the predicted VEs and prediction error
obtained using the kinematic model, NN and XGBoost. The graphs show
that even with a limited number of training samples all models predict
the VEs in X, Y and Z meaningfully.

Fig. 23 shows that the prediction error of the kinematic, NN and
XGBoost models have a similar trend in Y and Z, which suggests that the
predictive capacity of the three models is quite similar in those two di-
rections. However, although the prediction error results in X are of the
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Table 5
Comparison of computational resources and time consumption of different ML
models during training process.

Machine learning models NN XGBoost
Training size 161 161
Testing size 12 12
Training time (s) 40 1
Memory usage (MB) during training 425.52(peak) 370.61
CPU usage (%) during training 120.1(peak) 451.6
GPU usage (%) during training 22(peak) 1
Predicting time (s) 0.04 0.002

same order of magnitude as for Y and Z, they show much less correlation
between the kinematic and XGBoost, since there is no clear resemblance
between the prediction error of the kinematic and XGBoost in that di-
rection. In order to quantify the similarity of the prediction error be-
tween NN and kinematic, and XGBoost and kinematic the respective
Pearson correlation coefficient is listed in Table 3. The calculated
Pearson correlation coefficient indicates a lower correlation in the X
direction.

Fig. 24 presents the maximum, minimum and standard deviation of
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the prediction error using the kinematic, NN and XGBoost models. The
standard deviations of the prediction error using kinematic model are
the smallest in all X and Z directions. The prediction error range (Eq. (9))
using XGBoost is smaller than using the kinematic and NN models in Y
direction.

range =  erTorpgy — €rrormin 9

where errorp.x is the maximum of the prediction error, errory, is the
minimum of the prediction error.

Based on the assessment criteria: RMSE (Fig. 25), MAE (Fig. 26),
fitting (Fig. 27), and PENRyg (Fig. 28), NN performed as good as kine-
matic model, with similar RMSE, MAE, PENRy; and fitting. According to
the PENRyg results, XGBoost performed the worst. However, the per-
formance of XGBoost in Y direction is the best.

These results suggest that NN trained with 264 experimental data is a
promising ML model for predicting VEs based on axis commands.

3.2. Comparison results using NN and XGBoost based on 264
experimental data after correcting EX(0B)C and EX(0B)S

The total VEs before and after correcting the EX(0B)C and EX(0B)S
effects using simple trigonometric functions is shown in Fig. 29. EX(0B)C

Simulated VEs based on

Fig. 39. Process of generating different types of datasets.
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Fig. 40. RMSE of different models trained by different types of data based on experimental data after correction for EX(OB)C and EX(0B)S with different numbers of
balls (from sixteen, twelve, eight, four, three, two balls, and one ball) of up to eight (b;, ¢;) pairs.

is the lack of concurrency, or offset distance in the X direction, between
the B- and C- axes, which causes VEs in the x-z plane as can be seen very
clearly from Fig. 29. EX(0OB)S describes a similar offset distance of the
spindle relative to the B-axis, also in the X direction, which will only
affect the VEs in X direction. The total VEs in the Y direction are
expectedly unchanged after the correction due to the nature of these two
geometric errors, including the range and the distribution. However, the
range and the spread of VEs in both X, and Z direction, decrease
dramatically, especially in the Z direction. In addition, before the
correction, the VEs in X direction are skewed slightly in the negative
direction. After the correction, the total VEs are balanced in both posi-
tive and negative directions.

Fig. 30 shows the predicted VEs using the different models. The VEs
predicted by XGBoost are slightly better than for the kinematic and the
NN models. Although many VEs predicted by the three models appear
relatively far from the actual values, the prediction errors are smaller
than those before correction, especially for the X and Z directions.

The prediction errors of the different models after correction are
shown in Fig. 31. Different to the results obtained by models trained
before correcting the EX(0B)C and EX(0B)S, where XGBoost performs
the worst, the prediction error of XGBoost trained after correction be-
comes the smallest in the X and Z directions. The prediction error of NN
and kinematic model in all three directions show similar trends, as the
peaks and throughs of orange and green colors correspond to each other.
To quantify the similarity of the prediction error between NN and ki-
nematic, and XGBoost and kinematic, Pearson correlation coefficient
(Eq. (9)) is calculated and showed in Table 4. The calculated Pearson
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correlation coefficient indicates a lesser correlation in the Y direction
when using XGBoost to predict VEs.

Fig. 32 shows the maximum, minimum and standard deviation of
prediction error for the three models. For standard deviation, XGBoost is
the smallest in both the Y and Z directions, with values of 2.0 and
4.0 ym. The range (Eq. (9)) of prediction error using XGBoost is also the
smallest in those two directions.

According to the results based on assessment criteria RMSE (Fig. 33)
MAE (Fig. 34) and fitting (Fig. 35)), XGBoost performs the best with the
lowest RMSE, MAE and the highest fitting.

Although NN does not perform better than XGBoost, in this situation,
with respect to RMSE, MAE, and fitting, it performs better than kinematic
model, except for RMSE and fitting, in the Y direction. It indicates that
both NN and XGBoost are better able to fine tune when there are no
dominant errors with XGBoost performing slightly better.

All the prediction error norm ratios (Eq. (8)) of XGBoost are less than
0.5, and nearly 75 % of them are smaller than 0.25. For both kinematic
and NN, the ratio is slightly higher than XGBoost (Fig. 36). The average
prediction error norm ratio of XGBoost is 0.22, which is smaller than NN
of 0.25 and kinematic of 0.31 (Fig. 36).

The vectors of VEs predicted by different models (Fig. 37) show that
although the vectors are not exactly in the same direction, they are
similar. The lengths of vectors of VEs predicted by XGBoost are closest to
the measured ones. In most cases, the lengths of VE vectors predicted by
NN are longer than those of measured VE vectors.

To further study the efficiency of different ML models, we analyze
the computational resources and time consumption of NN and XGBoost
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Fig. 41. MAE of different models trained by different types of data based on experimental data after correction for EX(0B)C and EX(0B)S with different numbers of
balls (from sixteen, twelve, eight, four, three, two balls, and one ball) of up to eight (b;, ¢;) pairs.

when use 161 experimental data to train (plotted in Table 5). The results
show that XGBoost trains 40 times faster than NN, and could predict 20
times faster. Training with XGBoost uses less memory, GPU, while with
very high CPU usage.

Based on all the results we have discussed, both NN and XGBoost are
able to predict VEs by using axis commands as inputs. Moreover,
XGBoost trained with the measurement data after correcting for the
dominant EX(0B)C and EX(0B)S error parameter has a better perfor-
mance than model trained with the measurement data before correcting.

4. Selection of the best type of data with the minimum number
of balls for training

From an industrial perspective, VEs cannot currently be measured
while machining and so the minimum number of VEs measurements to
achieve good results is sought for productivity reasons. Although based
on simulation, the predictive performance of XGBoost trained with data
from twenty balls with eleven (b; ¢;) pairs is close to that of four balls
with 180 (b; ¢;) pairs, conducting a 24-ball SAMBA test (in which 20
balls are for training, and 4 balls are for testing) to collect data is very
time consuming as each ball position measurements takes between 30 s
and one minute. On the other hand, it is also worth investigating
whether synthesized data can help improve performance of ML models.
Fig. 37 illustrates the procedure for determining the number of balls of
different data type needed to generate training data to achieve a better
performance than the kinematic model.
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4.1. Different types of data

Fig. 39 illustrates the process to generate the three types of datasets,
which are only (pure) experimental data after correcting the EX(0B)C
and EX(0B)S, semi-synthetic data and hybrid data.

1. Only (pure) experimental data after correcting the EX(0B)C and EX

(0B)S
Axis commands and translational VEs, as 3D vectors, of randomly

selected ball No. 3, 9, 17 and 22 (Fig. 21) with three (b; ¢;) pairs are
test data. The remaining twenty master balls with eight (b; ¢;) pairs
plus one scale bar dataset and an additional master ball (when only
the spindle rotates) are used for training purpose. However, to find
the minimum number of balls for training, we randomly select the
amount of balls in a decreasing strategy: from sixteen, twelve, eight,
four, three, two balls, and one ball. For each quantity of balls, we
randomly select five different ball combinations and then average
the values of each metric to mimic a five-fold cross-validation.

. Semi-synthetic data

The semi-synthetic data is generated using a kinematic model with

error parameters estimated using the experimental data, corrected to
remove the effect of EX(OB)C and EX(0B)S. The estimation is
repeated with decreasing number of balls. Thirteen machine kine-
matic error parameters are estimated. Then based on these machine
error parameters, semi-synthetic data is generated kinematically
according to the process shown in Fig. 39.

3. Hybrid data
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Fig. 42. fitting of different models trained by different types of data based on experimental data after correction for EX(0B)C and EX(0B)S with different numbers of
balls (from sixteen, twelve, eight, four, three, two balls, and one ball) of up to eight (b;, ¢;) pairs.

We combine the pure experimental data, after correcting the EX(0B)
C and EX(OB)S, with the corresponding semi-synthetic data to generate
the hybrid data.

NN and XGBoost are trained using the different types of data. The
performances of the model and training dataset combinations are eval-
uated using the same test dataset and are compared to each other and to
the kinematic model. If any model trained by any type of data performs
better than the kinematic model, the number of balls is reduced, all three
types of datasets are regenerated, and training and testing are per-
formed, until the performance is worse than the kinematic model. The
whole process will then stop, and the number of balls used in the pre-
vious step recorded as the minimum number of balls used for training
(the results are explained in Section 4.2). After comparing the perfor-
mance of each model trained using the minimum number of balls, the
best model will be identified for further application.
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4.2. Comparison of different types of training datasets based on different
number of balls

Based on the process proposed in Fig. 38, the 264 experimental data,
after correction for EX(0B)C and EX(0B)S, from up to twenty balls with
up to eight (bj, ¢;) pairs plus one scale bar dataset and an additional
master ball (when only the spindle rotates) is used for training, and the
remaining four balls used as test data with the other three (b, ¢;) pairs to
assess the performance of XGBoost and NN. The number of balls for
training is gradually reduced until the performance using different
models is worse than that of the kinematic model. The performances of
kinematic, NN and XGBoost models are shown in Fig. 40 to Fig. 42. Each
colour/symbol combination corresponds to a specific model/dataset
combination. For all three models, the RMSE (Fig. 40) and MAE (Fig. 41)
overall increase, and the fitting (Fig. 42) overall decreases as the number

of training balls decreases, except for the performance of XGBoost
trained by only experimental data in the Y direction. When the number
of training balls is reduced from two to one, the RMSE and MAE increase
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Fig. 43. Average prediction error norm ratio with respect to the norm of the
VEs of different models trained by different types of data based on experimental
data after correction for EX(0B)C and EX(0B)S with different numbers of balls
(from sixteen, twelve, eight, four, three, two balls, and one ball) of up to eight
(by, ¢)) pairs.

rapidly, and the fitting decreases sharply.

From RMSE and fitting, the performance of NN and XGBoost trained
with only experimental or hybrid data is better than that of NN and
XGBoost trained with semi-synthetic data and kinematic models in the X
and Z directions, suggesting that ML models can model errors not
accounted for by the kinematic model, except for those in the Y
direction.

The performances of the kinematic, NN and XGBoost models trained
with semi-synthetic data are very similar. This makes sense because
semi-synthetic data are generated purely from estimated kinematic er-
rors thus filtering out other error sources. It also means that NN and
XGBoost can model the VE impact of such error sources given sufficient
data.

In addition, there are not many improvements in using hybrid data.
This is assumed to be because when using hybrid data, there is a
competition between satisfying the pure data with all errors included in
it and the semi-synthetic data which are filtered to only account for
modelled kinematic error sources. Moreover, adding semi-synthetic data
to pure data means developing a kinematic model, which is not desirable
as it requires extra time and expertise.

None of the machine learning models trained on any type of data
consistently outperformes the kinematic model in all three directions,
and machine learning models are not sensitive to different types of
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training data. Each model demonstrates strengths in some directions but
fails to demonstrate superior performance in all cases.

Results show, as suspected, that ML model performance improves
with the increase of the number of balls in the training sets, as seen from
the average prediction error norm to VE norm ratio decreasing (Fig. 43).
Using only experimental data based on two balls to train NN, the average
prediction error norm ratio is 0.27 (Fig. 43). So, for the machine and
experimental data used, a good compromise between accuracy and
experiment time is to use only experimental data of two balls with eight
(bi, ¢;) pairs plus one scale bar dataset and an additional master ball
(when only the spindle rotates) to train NN to get a more accurate
prediction compared to the kinematic model.

5. Conclusions

In this study, two hundred sets of synthetic volumetric translational
error vector (VE) output data (one hundred for training purpose and one
hundred for testing purpose), eight master balls (four for training, and
the other four for testing), 180 and 45 (b;, c;) rotary axis positioning
pairs were used for training and testing, respectively, to evaluate the
possibility of applying ML models to predict VEs from axis commands.
Based on this synthetic data that simulates a randomly generated mea-
surement strategy, the results show that using only axis commands as
input, ML models Neural Networks (NN) and eXtreme Gradient Boosting
(XGBoost) are equally able to model the VEs due to the effect of inter-
axis kinematic errors and 1st order linear scale errors, for the
wCBXfZYt topology five-axis machine tool studied, independently of the
specific values of these error parameters, with the worst-case prediction
error norm ratio of 0.08 and 0.19, respectively, and overall average error
norm ratios of 0.04 and 0.08, respectively.

Simulation of the specific test strategy that is used for the experi-
mental validation indicated that by using twenty master balls but only
eight (b;, ¢;) pairs good performance is obtained for both NN and
XGBoost with the same structure and hyper-parameters as used in the
models trained with synthetic data that uses a randomly generated
measurement strategy. For these simulations, the performance of NN is
slightly better than that of XGBoost in all directions, with the worst-case
prediction error norm ratio of 0.21 and 0.36 respectively, and overall
averages of the ratio of 0.09 and 0.16, respectively.

Experimental results show that, after correcting the data for the ef-
fect of two dominant geometric errors (EX(0B)C and EX(0B)S), both NN
and XGBoost perform generally better than the kinematic model in
predicting the VEs with twenty balls and eight (b;, ¢;) pairs for training
and four balls with three (b;, ¢;) pairs for testing, except for RMSE and
fitting of NN, in the Y direction. One potential explanation is that the ML
models can model error sources that the kinematic model did not
include. Moreover, XGBoost performs better than NN. The study con-
ducted to determine the minimum test conditions and data to achieve
good results showed that using two master balls to train NN with just
pure experimental data could obtain the average prediction error norm
ratio of 0.27. Enriching the experimental data with semi-synthetic data
based on estimated kinematic errors did not improve the VE prediction
performance by the ML. Thus, it is suggested that an efficient way is
using only experimental data of two master balls with eight (b;, ¢;) pairs,
plus one scale bar dataset and an additional master ball (when only the
spindle rotates).

Limitation and future works

The small size of the dataset limits our ability to reliably evaluate the
performance of the machine learning models against the kinematic
models. In order to draw more accurate and reliable conclusions, we
plan on using a larger dataset such as can be gathered using a sensor
nests of three non-contact proximity sensor, as in [28] to further validate
the generalization performance of NN and XGBoost.

In the future, the existing model should be improved to make it more
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efficient and applicable to more uncertain problems, such as predicting
positioning uncertainty and thermal deformation.
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