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A B S T R A C T   

Thermal error compensation is one of the most research-oriented topics in manufacturing with rising importance 
in the industry. This paper presents an innovative Industry 4.0 application of thermal error compensation for 
precision engineering. A federated learning-based thermal error compensation approach running in the cloud is 
applied to two machine tools, one located at ETH Zürich, and another one at TU Wien. Although environmental 
conditions and thermal error behaviour of both machines differ, the implemented knowledge transfer across 
machines is a viable compensation strategy, albeit with limited precision. A detailed comparison of the two 
machines of the same type under the same load conditions shows foreseeable similarities in behaviour, but also 
clear differences due to the different configurations and lifetime status. The cloud-based compensation reduced 
the crucial thermal errors in the best case of both machine tools by more than 80% under critical conditions.   

1. Introduction 

Machine tool errors, failures, and unplanned interruptions for 
maintenance purposes cause costly productivity losses in 
manufacturing. Thermal machine tool errors, as reported by Mayr et al. 
[1], are the largest sources of error, causing up to 75% of geometrical 
errors on manufactured workpieces. In a recent survey, Putz et al. [2] 
state that on average, 62% of the total error is thermally induced ac-
cording to estimations of machine tool manufacturers. There is a rapidly 
rising demand for precise 5-axis machined workpieces, e.g. in medical 
engineering, in the energy sector, in the aerospace industry, the optical 
industry, and also in the consumer goods industry, to facilitate 
increasingly complex designs. This challenges machine tool manufac-
turers to continually improve the thermal accuracy of their machine 
tools. 

According to Bryan [3] and Mayr et al. [1], thermal errors of ma-
chine tools are influenced by machine tool internal and external error 
sources. To enable manufacturing with reduced and manageable ther-
mal machine errors, commonly used design measures by machine tool 
manufacturers are:  

• Thermo-symmetric design of the machine tool structure  
• Placing heat sources outside the machine tool structure  
• Insulating machine tool components and frame  
• Tempering or cooling machine tool components and frame  
• Controlling the temperature of liquids 
• Selecting materials with high thermal conductivity for fast conver-

gence to quasi-steady state or materials with low thermal conduc-
tivity for inertisation of the machine behaviour  

• Monitoring and control of temperatures  
• Direct measuring of axis positions  
• Seldom: replacing components with high heat losses 

Furthermore, there are measures that users of machine tools can 
implement based on recommendations/requests of manufacturers or 
based on their experience of working with their machine tools on a 
regular/daily basis:  

• Tempering or air conditioning of the shop floor  
• Running of warm up-cycles 
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• Increasing the frequency of quality checks and feedback of mea-
surements to the machine tool control, either ‘post-process’ (after 
part manufacturing), or ‘in-process’ (during part manufacturing, 
with on-machine measurements)  

• Arranging manufacturing steps in the CNC program such that critical 
features on workpieces are manufactured when the machine is in a 
thermally stable state  

• Correcting the tool position based on the user’s experience (often 
undocumented) 

Understanding the behaviour of thermal errors of 5-axis machine 
tools with model-based compensation has become increasingly impor-
tant in recent years. Wegener et al. [4] summarize the models used for 
thermal error compensation as follows:  

• (Reduced) physical field equations  
• Thermo-balance models  
• Phenomenological models  
• Artificial intelligence approaches such as neural networks 

Ihlenfeldt et al. [5] illustrated that there are still significant 
computational and measurement costs required to identify uncertain 
parameters of physical thermal error models of a single machine tool 
axis automatically. To increase the long-term stability of thermal error 
compensation models, Blaser et al. [6] developed the artificial intelli-
gence approach Thermal Adaptive Learning Control (TALC) for closed 
loop thermal error compensation. Mayr et al. [7] and Zimmermann et al. 
[8] developed models to increase the long-term robustness of TALC for 
machine tools: Mayr et al. with rule-based model parameter adaptions 
over time, and Zimmermann et al. with automated input selection. 
Zimmermann et al. [9] further increase the productivity of machine 
tools with thermal compensation using TALC, by triggering control 
measurements and model updates based on detecting unknown thermal 
states. Stoop et al. [10] illustrated the advantage of establishing a 
fleet-learning network for thermal machine tool errors, by integrating 
individual machines with edge devices in an internet-based network. 
The overall thermal error of each machine was reduced by the 
fleet-learning approach by 86%. 

Following recent advances in the field of Internet and Communica-
tion Technologies (ICT) and referring to Gittler et al. [11], various 
connectivity solutions and smart devices in manufacturing, referred to 
as the Industrial Internet of Things (IIoT), has become an important 
driver for value creation. This is often associated with the concept of 
Industry 4.0. Kusiak [12] proposes a vision of a smart factory and states 
that the smartness of a manufacturing enterprise is not about the degree 
of automation on the shop floor, but about the degree to which the 
physical enterprise is reflected in cyberspace. Stoop et al. [13] describe 
advantages in the integration of generic, domain agnostic, 
domain-specific and equipment-specific information models, which are 
all aspects of Industry 4.0 applications. Monostori et al. [14] point to the 
rising demand for data acquisition and process controllability in the 
manufacturing industry and Möhring et al. [15] describe the advantage 
of machines learning from each other, which leads to an improvement in 
modelling and behaviour prediction. 

Exchanging data in manufacturing across countries and enterprises 
requires a high level of safety and security. It must be made impossible 
to trace back data to components produced or extract information about 
machining strategies. Further, personal and employee-specific data must 
also be handled in accordance with labour law. For production for a 
specific client, private data produced by the machine tools or other 
devices located within the shop floor is not allowed to be shared with 
other clients connected to the network. Federated-learning approaches 
enable the mandatory high level of safety and security for production 
environments, connected to international and/or cross-enterprise net-
works. McMahan et al. [16] illustrate the federated-learning approach, 
which allows shared models, locally derived by machine-learning 

approaches, to be trained from a larger number of decentralized sys-
tems. The machine-specific data does not need to be centrally stored for 
processing. In the machine-learning network of a federation of partici-
pating peers, only the centralized server maintains the main model 
stored on the centralized server globally. The approach reduces the 
amount of data to be transferred between the server and each specific 
client and enables the required high level of safety and security, as no 
personal data or part-specific data need is shared. 

In this research work, the value of an internet-based cloud- 
compensation algorithm based on the federated-learning approach is 
illustrated. In section two, the cloud-based thermal error compensation 
is introduced and the specifications and environmental conditions of 
machine tools are described. Section three presents the cloud-based 
compensation results of two machine tools of the same type but differ-
ently equipped and discusses the outcome in detail. Section four explains 
the implementation of transfer learning for thermal error compensation 
and the advantage of faster learning and thus increased precision of 
machine tools during the model calibration period. In section five, a 
review is given and further research requirements are discussed. 

2. General setup 

The TALC consists of a calibration and a compensation phase. The 
information flow is illustrated in Fig. 1 and comprise the following seven 
stages:  

1. On-machine tool center point (TCP) error measurements and sensor 
data collection 

With the experimentally used 5-axis machine tools, in stage 1 the 
thermal TCP errors are measured using the machine tool’s touch probe 
clamped in the spindle, and a precision sphere, mounted on the rotary 
table. Blaser [17] describes the measurement cycle used for capturing 
thermal errors of 5-axis machine tools. Furthermore, the temperature 
sensor data from the machine and environment is measured and stored.  

2. Computing thermally induced geometrical axis errors of the machine 
tool 

In stage 2 the measured raw data are processed and translated into 
machine tool thermal errors. The process is described by Gebhardt [18] 
to perform the measurement cycle in a specific time and calculate the 
position and orientation errors within these timesteps.  

3. Storing data from past measurement cycles 

As the autoregressive exogenous model (ARX) TALC uses data from 
past steps, past data has to be stored in stage 3, with the number of time 
steps stored corresponding to the model order. The ARX model is further 
described in Eq. (2). The information flow of the TALC algorithm is 
shown in Fig. 1.  

4. Building the model structure, parametrizing the model, selecting 
inputs 

After the model calibration phase and during the compensation 
period, the ARX model order, the model parameters and further func-
tionalities, e.g. an automated sensor selection as described by Zimmer-
man et al. [8], are continually updated in stage 4.  

5. Predicting the axis-related thermal errors 

The updated derived model is used in stage 5 with actual sensor data 
to predict the occurring thermal machine tool errors. Homogeneous 
transformation matrices (HTM) are used to transfer the obtained posi-
tion and orientation errors from the C-axis specifically to the movements 
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of the linear axes. This is based on the rigid body assumption as 
explained from Ess [19] with the inputs of the predicted errors and true 
axis position and the output described in offsets that shift the axis origin.  

6. Computing TCP correction values 

Stage 6 translates the predicted errors in real-time into TCP correc-
tion values using the inverse function of stage 2.  

7. Compensating TCP position 

The TCP position along the path trajectory is corrected in stage 7. 
This consists of the axes offsets and the axes commands. 

Fig. 2 illustrates the cloud-based TALC approach. Stage 6 must not 
run in the cloud for the following reasons: firstly, the internet cannot 
provide real-time capabilities and secondly, the tool path, corrected in 
step 7, includes sensitive data about the part geometry, machining pa-
rameters, and strategies. As stage 2 is the inverse function of stage 6, 
both steps run on an edge node connected to the machine tool’s control 
using the FOCAS 2 interface. Running these stages directly on the ma-
chine tool control is currently not possible due to limited access to the 

Fig. 1. Schematic of the TALC information flow, with the dashed line representing the trigger for on-machine measurements. The measurement intervals are adjusted 
by the ARX model [17]. 

Fig. 2. The communication and computation setup of the MTZ as the machine in Zurich and the MTV as the machine in Vienna. The storage unit stores the data as: 
machine tool thermal error, temperature sensor data, weightings and the model parameters itself. 

F. Stoop et al.                                                                                                                                                                                                                                    



Precision Engineering 79 (2023) 135–145

138

control. 
Regarding the data security aspect, stage 2 can run in the cloud and 

not necessarily on the edge device because only the measurement data of 
the machine tool probe and temperature data are used. Until Stage 5, the 
exchanged data does not contain any critical information (with regards 
to privacy) but Stage 6 contains machine tool thermal axis errors; these 
are considered critical information, e.g. information about the machine 
or part can be reverse-engineered from this information. Therefore Stage 
6 must run on the local edge node connected to the machine tool control. 
To make the process of data transfer easier, Stage 6 can essentially use 
the same structure of data as Stage 2. This also simplifies the process of 
setting up the data memory structure of the edge device’s local database, 
since input and output communication data have the same structure. All 
data exchanged are temporarily stored on the local edge node to prevent 
breakdowns in the event of an internet failure. Any number of machines 
can access the sources in the cloud in parallel. 

In general, a linear transfer function model to transform influence 
quantities to error quantities, as shown by Mayr et al. [7], can be 
expressed as an Autoregressive-Moving-Average (ARMA) model: 

A(q)y(n)=
B(q)
F(q)

u(n) +
C(q)
D(q)

e(n) (1)  

where q represents the time shift operator in discrete time. 
A(q),B(q),C(q),D(q) and F(q) denote five different polynomials as 
described from Ljung [20]. These polynomials describe the sensitivity of 
the model on the input u(n) and the noise e(n) where the output is y(n)
and n is the order. Commonly used combinations of these five poly-
nomials are Finite Impulse Response (FIR), Box-Jenkins (BJ), Output 
Error (OE), Autoregressive with Exogenous Input (ARX), and Autore-
gressive–Moving-Average with Exogenous Input (ARMAX). Mayr et al. 
[7] demonstrate that the ARX structure is the most robust model for 
describing thermal machine tool errors, and shows the best fitting 
quality, when evaluated with the root mean square error (RMSE) cri-
terion. Eq. (1) can therefore be reduced to: 

A(θ, q)y(n)=B(θ, q)u(n) + e(n) (2) 

Given that each thermal machine tool error is predicted with an in-
dependent model, Eq. (2) is reduced to a multiple input single output 
(MISO) system for each thermal machine tool error. In Ref. [7] the 
predictor for the ARX model is given by: 

ŷ(n, θ)= B̃(θ, q)ũ(n) + [1 − A(θ, q)]y(n − 1) (3) 

In this paper, two 5-axis machining centers of the same type with the 
kinematic chain. 

V [w C′ B’ b [Y1 Y2] X [Z1 Z2] (S) t],according to ISO 10791:2015 
[22] are analyzed. Fig. 3 illustrates a schematic of the machine tools axis 
configuration and Table 1 describes the axis specifications. The main 
load for the investigation is induced in the rotation and swivel axes. 
Therefore, only these two axes are considered specifically. Although 
both machines are of the same manufacturer and same type/model, 
there are some typically customized differences, which are summarized 
in Table 2. The machine tool located at TU Wien is referred to as the 
MTV and the machine tool located at ETH Zürich is the MTZ. 

Both machines are approximately ten years old, with different his-
tories of use and signs of wear. This leads to some differences in how the 
machine tools are operated and in the thermal behaviour. For example, 
when moving the B-axis of the MTV at high speed, the C-axis has to be 
clamped mechanically, so that the C-axis does not run into an over-
current error; which is not necessary for the MTZ. 

Both machine tools show different thermal behaviour. The largest 
difference is observed during the warm-up of the machine tools after 
they had been out of service for several days. The machine warm-up on 
the one hand is due to the static power losses and the heat generated and 
on the other hand due to the movements of the linear axes during the 
measurements. In Fig. 5 the warmup behaviour of the MTV during an 

environmental variation error test is shown. The machine reaches a 
quasi-steady state after about 40 h. The resultant thermal machine tool 
errors EX0C in X- and EY0C in Y-direction have a magnitude of 20 μm. 
The shop floor air-conditioning and ventilation system is switched on 
after the weekend at about 40 h after starting the measurements. During 
the environmental variation error measurements with the MTZ, no such 

Fig. 3. Schematic axis configuration of the machine tools under investiga-
tion [21]. 

Table 1 
Relevant axis specification of the machine tool under investigation.  

Axis Feed 
distance 

Max. feed rate/rotation speed Resolution 

X 730 mm 6000 mm/min 1 μm 
Y 510 mm 6000 mm/min 1 μm 
Z 510 mm 6000 mm/min 1 μm 
B − 180◦ - 

160◦

35 rpm 0.001◦

C 360◦ 1200 rpm in turning mode and 120 rpm 
in milling mode 

0.001◦

C1 
(spindle) 

360◦ 12000 rpm -  

Table 2 
Relevant differences between the MTV and the MTZ regarding the thermal 
behaviour of the two machine tools.   

MTV MTZ 

C-axis 
rotational 
speed 

120 rpm (only milling mode 
available) 

1200 rpm (in turning mode) 

Metal 
working 
fluid 

Emulsion Oil 

Cooling 
circuits 

One cooling circuit for the main 
spindle, linear axes and the 
rotary and swivelling axis unit 

Separate cooling circuits for the 
main spindle together with the 
linear axes and one for the 
rotary and swivelling axis unit 

Shop floor Air conditioning No air conditioning  
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behaviour is observed, as shown in Fig. 4. The reason could be the 
optimized cooling installed on MTZ compared to MTV. Instead on MTZ, 
a strong dependence of EY0C on the daily temperature variation is 
observed, while the other traced errors stay nearly unchanged. 

3. Compensation results 

To test the cloud-based thermal error approach on both machine 
tools for the compensation of the rotating axes, the same B-axis incli-
nation and speed profile on the C-axis is used, which is shown in Fig. 6. 
The B-axis is inclined at several positions and held there, while the C- 
axis rotates at several constant rotational speeds. The rotation speed is 
the same for both machines, although MTZ could rotate faster. The heat 
input of the C-axis is significantly lower than that of the B-axis. 
Furthermore, the MTZ has slightly less high-frequency losses in the 
direct drive. However, the mechanical losses of the C-axis are compa-
rable at the same speed. During the 96-h test, the C-axis rotational speed 
varies between 0 and 120 rpm, while the B-axis is inclined at different 
positions between 0◦ (horizontal table position) and 90◦ (vertical table 
position). 

For the compensation test, a calibration period of 8 h is chosen, based 
on previous measurements performed with the MTZ, which are shown in 
Ref. [17]. The calibration period is the necessary time span in which the 
thermal history of the machine tool is captured, and which is required to 
train the TALC model. During the entire 90 h test, a displacement 
measurement cycle is performed every 5 min, as explained in Refs. [6,7]. 
The evaluated thermal machine tool error values are sent to the cloud 
storage. After the model calibration period, the machine tool uses the 
model provided by the cloud algorithm, if the thermal errors do not 
exceed specified thresholds, which are set to 5 μm for linear errors and 
15 μm/m for angular errors. If one threshold after the measurement is 
exceeded a new model based on new historical date is computed in the 
cloud. This is loaded and is used for compensating the machine tool. 

In Fig. 7, the measured linear thermal location errors of the 
compensated machine tool MTZ and the computed errors of the un-
compensated machine tool are shown. Values on the top are recon-
structed from the measurements from the diagram on the bottom and 
the computed predicted error. Black vertical lines illustrate model up-
dates after a threshold exceedance. This comparison to the computed 
situation is necessary because the environmental temperature profile 
under job shop conditions cannot be reproduced. After the calibration 
period, the thermal errors should ideally remain below the specified 
thresholds but exceed them on five occasions over the whole measure-
ment cycle, as indicated by the black lines. As expected, the machine- 

learning model improves over time as is visible from the increasing in-
terval between two model updates. 

In Fig. 8 the measured linear thermal location errors of the 
compensated and uncompensated machine tool MTV are depicted. 
Values on the top are reconstructed from the measurements from the 
diagram on the bottom and the computed predicted error. Black vertical 
lines illustrate model updates after a threshold exceedance. After the 
calibration and measurement period of 8 h, the model of the MTV is not 
well conditioned yet and therefore overestimates the thermal machine 
tool errors. The TCP errors become larger than with the uncompensated 
machine tool. After a calibration period of about 12 h, enough data for 
MTV has been collected and the model becomes useable. Nevertheless, 
during the whole test period, the threshold was continuously exceeded. 
Therefore, the mean lifespan of a thermal error compensation model was 
reduced to about 4.5 h, whereby the last model built at the MTZ was 
valid for more than 44 h. This behaviour is correlated directly with the 
different noise levels in the on-machine measurement of the machine 
tools. The repeatability of both machines is below 1 μm in both X- and Y- 
directions, which is the same as the resolution of the machine tools 
linear axis, and about 2 μm in the Z-direction. Nevertheless, the noise in 
the measurement results is much larger for MTV which can come from 
the significantly higher productive operating time. For analyzing the 
noise, the Fast Fourier Transformation (FFT) signal of the thermal ma-
chine tool error EX0C for the MTV and the MTZ is shown in Fig. 9. The 
higher amplitudes of the FFT signal are directly linked to the measure-
ment operation of the machine tool MTV. This is assumed to be caused 
by the different operation histories of the two machine tools. In Table 3 
the rounded average absolute value of thermal machine tool errors and 
the mean reduction of the thermal machine tool errors evaluated for the 
MTV and the MTZ after the model calibration phase are given. 

The thermal error EX0C of the MTZ is small as shown in Fig. 7, and the 
thermal error EC0C with a mean value of 0.25 μm/m is below the mea-
surement uncertainty. These errors, therefore, do not need to be taken 
into account. The large and therefore crucial thermal machine tool er-
rors are reduced on both machine tools between 50% and 83% using 
only the cloud-based TALC compensation approach without transfer 
learning, which is summarized in Table 3. The models in this test are still 
independent of each other, but show different behaviour due to the 
slightly different configuration with regard to the C-axis and the asso-
ciated cooling. 

4. Transfer learning 

For investigating the transfer learning possibilities, the finally 

Fig. 4. Environmental variation error of MTZ after being out of service for several days and with room temperature in the not air-conditioned shop floor. These 
computed thermal errors are afterwards used to correct the TCP position. 
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derived compensation model of the MTV after the whole learning period 
is used to simulate the thermal axis errors of the uncompensated ma-
chine tool MTZ and vice versa. This procedure is evaluated for the 
environmental test. As the TALC algorithm is implicit and does not have 
a predefined order, the compensation cannot start directly from the 
beginning using input data from the past, as both machine tools do not 
store temperatures when they are out of service. For comparability of the 
results, and to ensure that enough input data is available, the simulation 
always starts after the pre-compensation phase where the necessary 
initial data is acquired, which are the first 8 h of measurements. 

Fig. 10 shows the environmental variation error compensation result 
of the MTV after the machine tool was switched off for several days, 
including the warmup behaviour illustrated in Fig. 5. Black vertical lines 
illustrate model updates after a threshold exceedance. The correspond-
ing environmental temperature profile is given in Fig. 5. As stated in the 
last section, a model calibration period of 8 h is too short for this ma-
chine tool, due to the larger noise signal, as shown in Fig. 9. For the 
investigated load case a 12-h model calibration period is therefore 
necessary. In Fig. 10 the lower diagram shows the simulation results 
when using the model of the MTZ instead of the derived TALC model of 
the MTV for the given measurement. At the beginning of the compen-
sation, the model of the MTZ works better on MTV than the model 
derived for MTV. This is probably due to the fact that the MTZ model 
already contains much more information than the new MTV itself. 
Nevertheless, also with this compensation model, the threshold of 5 μm 
is exceeded by the error EY0C (6.3 μm) and EX0C (5.4 μm). Vice versa, an 
environmental variation error compensation test for the MTZ and the 
simulation results are shown in Fig. 11, whereby the model trained on 
the MTV is used. The corresponding environmental temperature profile 

is given in Fig. 4. With both individual models, the compensation runs 
well and the threshold is never exceeded. 

Fig. 12 illustrates the simulation result of compensating the mea-
surements of the MTV, which are shown in Fig. 8, with the compensation 
model of the MTZ, which is derived from the compensation test depicted 
in Fig. 7. At the very beginning of the compensation, the results are far 
better than the compensation results shown in Fig. 8, where the model 
calibration period had been too short. After about 50 h of measurement 
time, EX0C of the MTV shifts in the negative X-direction. As visible in 
Fig. 8, the model trained on the MTV can handle this effect and com-
pensates this shift. Such a behavior is not recognized at the MTZ, as 
shown in Fig. 7. Consequently, the model of the MTZ is not trained on 
this effect and is not capable to compensate for it to remain below the 
desired threshold, as visible in Fig. 12. 

In Fig. 13 simulation results are shown when compensating the 
measurements of the MTZ, which are shown in Fig. 7, with the insuffi-
ciently trained model derived from the MTV after an 8-h calibration 
period. When this model is used for the MTZ, the thermal machine tool 
behaviour becomes worse compared to the uncompensated machine 
tool. 

5. Conclusion and outlook 

In this paper, a cloud-based thermal error compensation approach is 
presented for cross-border federated learning of machine tools. The 
system is designed such that several machines can use thermal error 
compensation data and available information at the same time. A safe 
interface between the cloud and the local installation is necessary in 
order to avoid breakdowns when the internet connection fails or when 

Fig. 5. Environmental variation error with warm-up behaviour of MTV after being out of service for several days and with room temperature on the air-conditioned 
shop floor. The air conditioning is set at 22 ◦C. These computed thermal errors are afterwards used to correct the TCP position. 

Fig. 6. Arbitrary B-axis inclination and C-axis speed profiles were used for the training of the model.  
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several machines access the same data and computation sources in 
parallel. Further, to ensure high levels of safety and security required in 
production environments, and to enable the transfer learning arrange-
ment of machine tools, the system is designed based on a federated 
learning approach. This enables computations on an edge device, con-
nected to the machine tool’s control, and in the cloud. The data 
exchanged from the machine tool to the cloud are the thermal axis er-
rors, evaluated from measurements. The data exchanged from the cloud 
to the machine tool are the updated compensation model structure and 
its parametrization, and axis-related thermal machine tool predicted 
errors at the local edge device. 

The cloud-based thermal error approach is evaluated on two ma-
chine tools of the same type, MTV at TU Wien and MTZ at ETH Zürich. 

Although the two machine tools are of the same type, the environment at 
both facilities and the history of the machines, and consequently the 
state of health, the wear of components and some customized specifi-
cations are different. This becomes apparent when the same is run on 
both machines, each machine shows different thermal behaviour. 
Nevertheless, the compensation approach enables a reduction of the 
relevant thermal errors of up to 80% on both machines. Further differ-
ences were seen in the calibration period, which is set to 8 h, and is long 
enough for the MTZ, but not sufficient for the MTV. The FFT analysis of 
the signal noise of both machines explains the higher noise of the MTV 
due to the different history of both machine tools. 

Transfer learning can shorten the model calibration period of the 
MTV when starting the thermal error compensation using the model of 

Fig. 7. Linear thermal location errors of the uncompensated MTZ (top). Linear thermal location errors of the compensated MTZ (middle). Absolute temperatures of 
the environment (ENV) and workspace (WS) and relative temperatures of the C- and B-Axis (bottom). 
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the MTZ. In general, it is shown that the models from one machine tool 
can be used during the calibration period as a compensation model for 
the other machine tool. Although not working perfectly, the models can 
reduce the arising thermal errors. If a thermal error effect occurs on one 
machine and the model is not trained for this effect or if the model is 
badly conditioned, the thermal errors of the machine are poorly 
compensated or get even worse compared to the uncompensated ma-
chine tool. Closed loop thermal error compensation is therefore 
mandatory, although it reduces productivity due to the time required for 
on-machine measurements. Further research will certainly be necessary 
for the area of transferring the aggregated models themselves. Here it is 
also necessary to take into account the steadily increasing number of 
machines in a fleet and to set the appropriate weightings correctly. For 
thermally weaker machines or machines with even more wear, an even 

longer calibration phase or pre-compensation phase may be necessary 
under certain circumstances. Further, it is generally to be said that the 
machines for this approach must be expected to have a certain repeat-
ability thermally as well as mechanically. However, the model needs 
certain time to learn the limited individual characteristics on different 
machine. 

The shown application exemplifies the benefit of Industry 4.0 ap-
proaches in precision engineering. The sources in the cloud are shared 
by the two machine tools, connected to the system. New knowledge can 
easily be transferred to a cloud and other machines can use updated 
methods and models from there. The transferred models further improve 
the precision of other machines and can be used as a first optimization 
stage. Cloud-based fleet learning is a great opportunity for thermal error 
compensation. If a new unknown thermal condition occurs that had not 

Fig. 8. Linear thermal location errors of the uncompensated MTV (top). Linear thermal location errors of the compensated MTV (bottom). Absolute temperatures of 
the environment (ENV) and workspace (WS) and relative temperatures of the C- and B-Axis (bottom). 
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been seen and analyzed by the model before, the black box model is 
capable to learn and adapt to this condition. If this input data anomaly is 
already trained on another machine tool of the same type, its impact on 
the compensation model can be directly transferred. The differences in 
the thermal behaviour of machine tools of the same type necessitate a 
model parameterization for each machine separately for the high pre-
cision requirements of modern machine tools. The next steps in future 
work will be to separate the mathematical description of the 

compensation models in machine type generic and machine-specific 
parts, which then needs to specify a transfer function between the 
cloud-based generic compensation model and the individual machine in 
the field. 
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Fig. 9. Fast Fourier Transformation (FFT) of the machine tool thermal error EX0C in the frequency range between 2 h and 20 min cycle time.  

Table 3 
Rounded average absolute value thermal machine tool errors and mean reduction of the thermal machine tool errors in % evaluated for MTV and MTZ after calibration 
phase.    

EX0C EY0C EZ0T ER0T EA0C EB0C EC0C 

MTV uncompensated [μm, μm/m] 11.4 6.2 6.4 4.9 7.7 6.1 4.6 
compensated [μm, μm/m] 1.9 1.8 3.2 1.6 4.9 3.0 1.6 
reduction [%] 83 70 50 68 36 50 65 

MTZ uncompensated [μm, μm/m] 0.6 3.7 5.3 1.0 4.3 3.2 1.3 
compensated [μm, μm/m] 0.6 0.9 1.0 0.5 2.1 2.1 1.4 
Reduction [%] 8 77 81 50 51 35 − 6  

Fig. 10. Measured linear thermal location errors for the environmental variation error test on the MTV with the compensation model from the MTV on top and from 
the MTZ at the bottom (simulative). 
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Fig. 11. Measured linear thermal location errors for the environmental variation error test on the MTZ with the compensation model from the MTZ on top and from 
the MTV at the bottom (simulative). 

Fig. 12. Simulation of compensated linear thermal location errors 96 h test of MTV, Fig. 8, with the model of MTZ.  

Fig. 13. Simulation of compensated linear thermal location errors 96 h test of MTZ, Fig. 8, with the 1st incomplete model derived of MTV.  
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