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Abstract. A system of differential equations is used to compute a thermal error
prediction model based on temperature and machine states as well as on-machine
measurements. The model can predict thermal displacements of the tool center point
based on changes in the environmental temperature, load-dependent changes and
boundary condition changes and states, like machining with or without cutting fluid.
The information gained by the process-intermittent probing is used to adaptively
update the model parameters, so that the model learns how to predict thermal
position and orientation errors and to maintain a small residual error of the thermally
induced errors of the rotary axis over a long time.
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1 Introduction and State of the Art
Precision manufacturing processes are strongly connected to the accuracy of
their machine tools (MTs). There is an increasing demand for high precision 5axis machined work-pieces, especially in the medical engineering and aerospace industries. According to Mayr et al. [1], thermal influences on MTs are
one of the largest contributor to errors on machined workpieces. Bryan [2]
summarized the sources that can cause thermal errors as following:
 Room environment
 Thermal memory from previous environment
 People
 Cutting process
 Machine
 Coolants
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The influence of process and people is neglected since a long time by researchers. The focus of this research lies mainly on thermal tool centre point (TCP)
errors regarding influences of the environmental temperature changes, running
the main spindle and moving the linear axes. International standards developed
regarding the aforementioned thermal errors on MTs are ISO 230-3 [3], ISO
10791-10 [4], and ISO 13041-8 [5]. The procedures described in the standards
are used for measuring the thermal error of MTs under no load and finishing
conditions. Missing links in these standards, depicted by Gebhardt et al. [6] or
Ibaraki et al. [7], are measurement procedures for thermal errors regarding rotary and swivelling axes of 5-axis MTs. Furthermore not considered in the
standards are influences of cutting fluids on the accuracy of MTs. Recent research activities showed that these influences have a significant impact on the
thermal behaviour of MTs, e.g. by Mayr et al. [8], Hernández-Becerro et al.[9]
and Blaser et al. [10].
A popular and successful method to model thermal errors on MTs is the phenomenological model approach which captures the relationship between the
observed thermally induced errors and the thermal and losses related information, presented e.g. by Gebhardt et al. [11], Yang et al. [12], Mayr et al. [13]
and Brecher et al. [14], just to name a few. Ideally the residual errors between
the predicted errors and the actual MT will approach zero. However, the predicted system behaviour is always different from the physical one. Additionally,
the actual machining conditions may be different from the machining conditions used to derive the empirical model, which leads to model uncertainties.
Mou and Liu [15] stated that this can cause difficulties especially for small batch
productions, where the sequence of manufacturing processes changes frequently as do the direction and rate of change of thermal effects. Due to statistical uncertainties, assumptions in the model and the constantly changing
boundary conditions, the error models derived from pre-process calibration are
not necessarily accurate enough in the long term. They need to be verified and
updated iteratively as the MT is continually used.
Blaser et al. presented in [16] a new approach for an adaptive learning control
(ALC) for thermal error compensation of rotary axes. Fig. 1 shows an illustration
of the ALC concept. During a calibration phase, the TCP errors and current
boundary and machining conditions obtained from various sensors are measured in a strict interval. After the regression model is obtained and the thermal
error compensation starts, the TCP errors are measured with a reduced frequency to increase the productivity. The thermally induced errors are compared
to a defined tolerance band. If the deviations exceed this threshold a new set of
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model parameters is obtained with the data gather since a specific point in
time, so that the parameters of the error model can be adapted to the present
situation.

Calibration
No compensation

Compensation start
Update compensation parameters

Tolerance band
Time
Fig. 1. Illustration of the concept of ALC for thermal error compensation [16]

This paper shows an extension of the previously mentioned thermal ALC, introduced by Blaser et al. [16], by including spontaneously changing boundary conditions to predict the thermal errors of a 5-axis MT under various machining
states. In Section 2 the methodology of ALC compensation is described in detail,
followed by Section 3, where the MT under investigation is presented. In Section 4, the extension of the phenomenological model for sudden boundary
condition changes is introduced followed by Section 5, which demonstrates the
practicability of the newly developed model in a 72 hour long experiment. This
paper finalizes with a conclusion and a short outlook of future work.

2 Methodology of ALC for thermal error compensation
The goal of an adaptive thermal compensation is to reduce the thermally induced TCP-deviations and to enhance the long-term accuracy of the MT in both
material removal as well as on-machine inspections. The extended procedure is
capable of adapting the model parameters to changes in the process as well as
fast and slow changes in the boundary conditions. This methodology is also
able to adjust the on-machine measurement time intervals according to the
predefined precision to ensure a high productivity at a constant uncertainty
range of the phenomenological model, as described in [16].
Fig. 2 shows a schematic diagram of the methodology by Blaser et al. [16]. First,
a measurement procedure is derived which is capable of identifying the ther-
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mal position and orientation errors of a rotary axis with a touch probe and a
precision artefact mounted on the machine table. The axis error model used is
based on the rigid body assumption and the use of homogeneous transformation matrices (HTM) to obtain the thermal displacements of the TCP relative
to the workpiece position. The input of the HTM model are the predicted errors
and the axis position of the MT and the output is an axes offset that shifts the
axis origin in the opposite direction of the occurring thermal error.

Fig. 2. Schematic diagram of thermal ALC for numerically controlled MTs. The dashed line represents
the trigger for on-machine measurements which give access to the residual thermal errors only at
discrete times. The measurement intervals are adaptively adjusted by the phenomenological model.
The extension to the schematic of Blaser et al. [16] is seen in red.

A phenomenological model is developed to predict the thermal behaviour only
by tracking multiple machine states as well as temperature sensor values on
and around the machine structure. The extension of using machine states as
input for the model is introduced to include cutting fluid conditions. The outputs of the phenomenological model, the predicted errors, are compared with
the on-machine measurements obtained by the touch probe at discrete points
in time. This comparison is used to periodically update the parameters of the
thermal error model. To adapt to changing working conditions the approach is
capable of alternating the NC-Code, with the use of a numerical control interface, to adjust the time intervals between on-machine measurements. This allows to dynamically adapting the amount of measurements to tradeoff between accuracy and productivity. The proposed on-machine measurement procedure only needs a few measurement points and allows a fast tracking of the
thermal TCP-deviations. The repeatability and the measurement uncertainty of
this on-machine measurement cycle is presented by Blaser et al. in [16,17].
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3 Machine Tool under Investigation
The kinematic chain of the MT under investigation, shown in Fig. 3, can be described in accordance with ISO 10791-2 [18] as:
V [w C2’ B’ b [Y1 Y2] X [Z1 Z2] (C1) t]
The rotary/swivelling axes unit of the MT consists of axes B and C2. The MT has
two closed cooling circuits. One cooling circuit is used for the rotary and swivelling axis and one for the main spindle and the ball screws. The C2-axis of this
MT can be used in turning mode with a maximum speed of 1’200 rpm. The
coolant outlet flow, i.e. the flow of the coolant into the MT out of the chiller
unit, of both cooling circuits, is controlled by the machine bed temperature. The
MT is located in a standard non air conditioned shop floor. The linear axes are
arranged in a box in box design. The rotary axes are driven by direct drives. The
resolutions of the linear axes are 1 μm and 1 μm/m for the rotary axes. These
resolutions are a limiting factor to the on-machine measurement and the compensation, as described in [16,17]. The cutting fluid is not temperature controlled and supplied to the machine by different pumps as described by Mohammadi et al. in [19]. This can lead to thermally induced errors, with small
time constants, due to the fact, that a large volume of cutting fluid is brought
into contact with the machine structure.

C1

B
C2

Z
Y
X

Fig. 3. Schematic of the 5-axis machine tool under investigation, adapted from [16]

4 Extension for Sudden Boundary Condition Changes
A system of differential equations, according to [20], is used to model the
thermal position and orientation errors of the MT rotary axis C2.
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(Eq. 1)

Equation (1) shows the ODE for a system of thermal position and orientation
errors provoked by three different thermal loads. 𝑢1…3 (𝑡) are input parameters
𝑑
and 𝑝1…3 are the corresponding sensitivities with respect to the output y(𝑡),
𝑑𝑡
where 𝑦(𝑡) is the overall thermal location error vector. 𝑝0 defines the thermal
inertias, the time lags for heating and cooling. 𝑝4 is a zero balancing parameter
that adjusts the mathematical zero of the equation to the physical system’s zero.
To provoke a sudden boundary change, the influence of dry and wet cutting is
investigated in this paper, by switching on or off the cutting fluid supply next to
the spindle head, which delivers oil to the cutting zone. To determine the dynamics of the thermal influence of the cutting fluid one of the input parameters
u(𝑡) has to capture this behaviour. There are several options to do so, one is to
only capture the discrete states of the MT cutting fluid supply, so that
𝑢(𝑡) = {0, 1}. An alternative is to place a sensor in the machining room, that
either measures the cutting fluid temperature when it is switched on or in the
dry state captures the machining room temperature. For the experimental results in Section 5 the second method with a temperature sensor is chosen.

5 Experimental Results
To demonstrate the practicability of the ALC for sudden boundary condition
changes on a real 5-axis MT, illustrated in Fig. 3, an experiment of 72 hours with
random intervals of cutting fluid is carried out. The cutting fluid is supplied,
through flexible ball socket joint tubes aiming at the machine table and the Baxis corpus. As additional thermal load the C2-axis is turning at different
speeds. The speed profile and the cutting fluid states can be seen in Fig. 4, as
well as the measured temperatures used as inputs for the phenomenological
model.
A calibration of 12 hours is chosen in accordance to [16], during this phase a
measurement is performed every 5 minutes. The first set of model parameters
is computed after the calibration phase and the compensation of thermal errors
of the C2-axis starts. The measurement interval time is increased to 30 minutes.
As a predefined threshold 10 µm for the linear errors (𝐸𝑋0𝐶 , 𝐸𝑌0𝐶 , 𝐸𝑍0𝑇 , 𝐸𝑅0𝑇 )
and 15 µm/m for the angular errors (𝐸𝐴0𝐶 , 𝐸𝐵0𝐶 , 𝐸𝐶0𝐶 ) is chosen. During the
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compensation and after each measurement, every error is compared against
this threshold. If one error exceeds this boundary the measurement interval is
decreased to 15 minutes for the next 2 hours. This is followed by a new
parameter update, where all the gathered information from the start of the
experiment is taken into account. After the phenomenological model is up-todate, the measurement interval time is again increased to 30 minutes. If no
error exceeds the threshold for more than 6 hours another parameter update is
performed and the measurement interval is kept at 30 minutes.

Fig. 4. Measurements of two temperatures, Environment (Env) and Cutting Fluid (CF), and one temperature difference, inlet and outlet of the C2-axes coolant (Coolant), over 72 hours, with varying
rotational speed of the C2 axis and changes of cutting fluid states. The cyan areas depict the time
intervals, where the cutting fluid supply was switched on.

Fig. 5 shows the experimental results of an ALC for thermal error compensation
of a rotary axis C2 over a time interval of 72 hours. The four major error contributors of the rotary axis of the MT under investigation are depicted. It can be
seen, that the compensated deviations, solid lines, stay most of the time inside
the set thresholds. When one exceeds this limit, a parameter update is forced
and the error quickly returns back in the predefined margins, e.g. EZ0T after
42 hours. The experiment shows, that sudden changes of the boundary conditions have no significant impact on the accuracy of the ALC for thermal error
compensation.
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Fig. 5. Experimental results over 72 hours of an ALC for thermal error compensation of the rotary axis
C2, under changing thermal loads. The cyan areas depict the time intervals, where the cutting fluid
supply was switched on. The solid lines are the compensated deviations and the dashed ones the
uncompensated. The black dashed lines illustrate the predefined thresholds.
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6 Conclusion and Outlook
This work shows, that with a simple extension of an already existing ALC for
thermal error compensation, sudden changes of the boundary condition, like
cutting fluid on or off, can be compensated. The conducted experiment confirms, that with periodical model parameter updates the phenomenological
model can adjust to suddenly changing boundary conditions and correct the
predictions if they exceed a defined threshold of 10 µm resp. 15 µm/m for
72 hours.
Future work aims for developing more suitable model and parameter identification algorithms, to increase the prediction accuracy und to reduce the length of
the calibration phase. In addition the thresholds should adapt over time, to enable tighter action control limits.
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