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Featured Application: The machine tool integrated inverse multilateration (MIIM)
methodology provides an effective solution for evaluating and compensating for ther-
mal errors in medium- to large-sized machine tools operating in industrial environments
with fluctuating ambient temperatures. The authors propose MIIM as a complemen-
tary tool to the current ISO 230-3 standard for determining thermal effects, offering a
robust multi-point measurement approach. MIIM is particularly well-suited for factory
acceptance testing, precision validation during machine installation, and long-term
performance monitoring in non-thermally regulated workshops. Its adaptability to
diverse machine architectures and numerical control systems underscores its potential
for widespread application and enhancing machining accuracy and quality control in
advanced manufacturing processes.

Abstract: This study expands on prior research by generalising the machine tool integrated
inverse multilateration methodology to evaluate ambient thermal effects on medium- and
large-sized machine tools in industrial environments. This method integrates an absolute
distance measurement device into the machine tool spindle, enabling an automated and ro-
bust multilateration scheme without requiring controlled environments, expensive thermal
instruments, or specialised artifacts. Tests were conducted using a LEICA AT960™ laser
tracker and wide-angle retro-reflectors (both from Hexagon Manufacturing Intelligence,
Stockholm, Sweden) across two machine architectures, THERA™ (gantry type) and ZERO™
(bed type), building on earlier work with the ARION G™ (bridge type), all of them MTs
manufactured by Zayer (Vitoria, Spain). Sequential experiments in varying ambient con-
ditions demonstrated the reliability of the machine tool integrated inverse multilateration
approach over extended periods, showing strong correlations between the measured errors
and temperature variations. The results were validated using a first-order mathematical
model and finite element method simulations, confirming thermal error evolution as a
function of ambient temperature changes. This method’s adaptability to diverse machine
architectures and industrial conditions highlights its potential for characterising and mitigat-
ing thermal errors in large machine tools. This work underscores the method’s effectiveness
and utility for advancing thermal error analysis in practical manufacturing settings.
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1. Introduction
Thermal errors in machine tools (MTs) have been a subject of considerable research

since their first identification by J. Bryan in the early 1960s [1]. These errors are widely
acknowledged as a dominant factor that influences MT accuracy, accounting for between
60% and 75% of overall geometric deviations, as noted by Mayr et al. [2]. Due to their
significant impact on precision manufacturing, investigations into thermal effects remain an
active and evolving research domain [3], with numerous studies being published annually
that explore innovative modelling, control, and compensation strategies.

Early studies, such as those by Ramesh et al. [4], introduced fundamental concepts in
thermal error compensation, while Schwenke et al. [5] provided a classification framework
distinguishing direct and indirect measurement methods for geometric errors. Subsequent
work by Ibaraki et al. [6] concentrated on volumetric accuracy assessments using indirect
techniques. More recent contributions, such as those by Li et al. [7] and Gao et al. [3], have
expanded the field by addressing thermal error modelling and machine tool calibration.
Additionally, the integration of machine learning into compensation methodologies, as
demonstrated by Wang et al. [8], has introduced novel adaptive approaches for mitigating
thermal effects in machining environments.

Thermal distortions that affect the tool centre point (TCP) can stem from two principal
sources: internal heat generation within the machine structure and external environmental
influences. Internal factors include thermal loads from motors, bearings, ballscrews, and
frictional interactions during machining, which lead to localised temperature variations
within the system. Conversely, external factors arise from ambient temperature fluctuations,
and induce thermal expansion through convective heat transfer mechanisms. These external
influences, often dictated by daily and seasonal cycles, have become increasingly significant
as the manufacturing of larger components continues to demand tighter tolerances and
higher precision [9]. The challenge of mitigating ambient thermal effects has been well
documented in the literature [10–12], particularly given the high capital investment and
operational costs associated with maintaining controlled workshop environments [13].

While historical research has predominantly focused on the thermal effects originating
within machine components, there has been a recent shift towards analysing the impact
of environmental thermal variations. For instance, Gross et al. [13] conducted extensive
investigations in controlled conditions, placing an MT inside a climatic chamber to evaluate
its response to stable ambient temperatures. More recent studies, such as those by Wei
et al. [14,15], have examined seasonal temperature variations and their influence on MT
spindles, proposing compensation models to mitigate these deviations. Similarly, Bre-
itzke et al. [16] developed a long-term monitoring method for tracking thermal errors in
three-axis machine tools using an INVAR-based artefact that was pre-characterised under
stable conditions. Additionally, Brecher et al. [12] implemented a dynamic R-test, based
on Weikert’s methodology [17], to quantify five-axis machine tool deformations under
fluctuating ambient conditions.

Advancements in digital twin technology have also contributed to the improved char-
acterisation of thermal deviations. Iñigo et al. [18,19] developed a digital twin framework
for predicting volumetric thermal distortions by leveraging rapid thermal characterisation
techniques.

Beyond these methodologies, multilateration-based measurements employing track-
ing interferometers (TIs) have been explored as an alternative non-contact calibration
method [20]. This approach estimates positional deviations by measuring distances be-
tween a retro-reflector at the TCP and fixed interferometers at the machine base. However,
despite its precision, the lengthy data acquisition process limits the applicability of this
approach in industrial settings, where the conditions are not fully controllable [3,13].



Appl. Sci. 2025, 15, 2600 3 of 25

To overcome these challenges, rapid measurement techniques have been proposed.
Ibaraki et al. [21] developed a spindle-heating test using a single interferometer within a
two-dimensional plane, and this test was later refined by Mori et al. [22] to include addi-
tional displacement measurements for systems lacking rotary tables. Maruyama et al. [23]
demonstrated that single-axis interferometry could effectively capture 2D positioning
errors, mitigating thermal influences by reducing the measurement duration.

Additionally, Guillory et al. [24] introduced a cost-effective absolute multilateration
system, replacing conventional TIs with a single ADM and four measuring heads, signifi-
cantly lowering the implementation costs of simultaneous multilateration systems. Brosed
et al. [25] further explored simultaneous laser multilateration using a telescopic instrument,
eliminating the need for multiple TIs.

Among these methodologies, absolute interferometry has gained traction as a robust
measurement approach. Schwenke et al. [26,27] pioneered the Multiline™ system, which
employs multiple measurement lines anchored to key MT components to quantify thermal
distortions.

Brecher et al. [28] later introduced an integrated laser-based technique that utilises
a pentaprism, a laser source, and position sensitive devices (PSDs) to measure thermal-
induced displacements within small and medium-sized MTs.

The ISO Standard 230-3:2020 [29] serves as the primary framework for evaluating
environmental thermal influences on machine tools, enabling the characterisation of five
degrees of freedom at a single measurement point. However, as noted by Mayr et al. [2], its
applicability to medium and large MTs remains limited due to its restricted coverage of
geometric error parameters. This underscores the necessity for alternative methodologies
that are capable of minimising measurement uncertainty while addressing the complexities
of temperature-induced distortions within an expanded working volume.

In light of these limitations, the present study extends previous research [30–33] by fur-
ther developing a methodology to assess the ambient thermal effects on large machine tools
within their operational workspace. The approach builds upon the machine tool integrated
inverse multilateration (MIIM) method, which was initially introduced by Mutilba et al. [34].
While the initial results from single-machine experiments were promising, extending the
methodology to other machine architectures is crucial for assessing its broader applicability.
This study was conducted in two distinct industrial workshop environments, analysing two
large-scale MTs under standard operational conditions without imposing artificial environ-
mental constraints. Testing the methodology across varied working environments ensures
its robustness, scalability, and general validity, revealing any architecture-dependent limi-
tations. By incorporating an absolute distance measurement system into the MT spindle,
the MIIM method enables a fully integrated multilateration-based assessment, mitigating
the challenges associated with traditional techniques such as the use of climatic chambers,
high-cost TIs, and artefact-based calibration, which are often impractical for large MTs.

Section 2 elaborates on the MIIM methodology, which employs a LEICA AT960™
(Hexagon, Stockholm, Sweden) laser tracker and four wide-angle retro-reflectors to facilitate
automated, long-duration thermal assessments. This study evaluates two distinct MT
architectures, the THERA™ (gantry type) and ZERO™ (bed type) architectures, expanding
on prior investigations involving the ARION G™ (bridge type) architecture, all three of
which are manufactured by Zayer MT builder (Vitoria, Spain).

Section 3 presents the experimental findings from sequential machine trials, first
validating the method on the THERA™ system before extending it to the ZERO™ MT,
which was tested under more demanding conditions. The recorded temperature variations
exhibited a direct correlation with the thermal errors, which were analysed using both
a first-order analytical model, following Zhang et al. [35], and a finite element method
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(FEM) simulation [11,36]. These analyses confirmed that the observed error evolution was
primarily driven by ambient temperature fluctuations.

Finally, Section 4 summarises the key findings, underscoring the potential of the MIIM
approach for large-scale MT calibration in industrial environments. This study highlights
its effectiveness in characterising environmental thermal errors, offering a scalable and
automated solution for improving MT precision and stability in real-world machining
applications.

2. Materials and Methods
An extensive series of tests have been conducted to demonstrate the broad applica-

bility of the MIIM methodology for large machine tools, enabling the analysis of ambient
temperature effects on variations in the machines’ volumetric errors.

2.1. The Method—MIIM

This research is based on deploying the MIIM method developed by Mutilba et al. [34]
in a fully automated manner to measure the machine tool’s thermal drift across the entire
volumetric workspace.

The proposed method integrates a tracking interferometer attached to the machine tool
spindle, enabling an integrated multilateration measurement scheme as detailed in [30,33].
Thus, a predefined volumetric point grid is established for measurement, consisting of
specific locations to which the machine tool directs the tracking interferometer for data
acquisition. This sequential movement enables the interferometer to perform accurate
distance measurements for four reflectors fixed to the machine tool table, which serve as
reference benchmarks for the multilateration measurement scheme. These reflectors are
strategically positioned on the machine tool table to ensure accurate and comprehensive
spatial data acquisition.

As a result, the measurement approach operates continuously, reducing the measure-
ment time to a single pass over the MT working volume and generating a volumetric error
map of the machine every 40–50 min (depending on the size of the MT and the number of
measurement points). This measurement frequency is sufficiently rapid to monitor and
evaluate thermal errors induced by environmental temperature fluctuations over extended
periods. Figure 1 illustrates the measurement setup for the Zayer ZERO™ machine tool
under shop floor conditions. Thus, a LEICA AT960™ laser tracker is mounted on the tool
holder using a specially designed support with a standard interface (HSK 100). For this
specific test, four wide-angle retro-reflectors are positioned at the corners of the machine
tool table.
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Table 1 summarises the key specifications of the laser tracker and retro-reflectors used
during the MIIM tests. A LEICA AT960™ laser tracker was employed, which is based on
an absolute distance meter (ADM) system [37].

Table 1. Laser tracker and retro-reflector characteristics.

Manufacturer Model Range Angle U (k = 2)

Laser Tracker Hexagon AT960 20 m 10 µm + 0.4 µm/m

Retro-reflectors Hexagon Super Cat-Eye 18 m ±75◦ *
* Data not available; implicit in the results.

The total number of points in the point cloud can be configured for each experiment,
with the traversal path being customised to align with the specific objectives of the assess-
ment. When the temperature fluctuates rapidly, a smaller number of points is selected
to expedite measurements and minimise the overall duration of each measurement cycle.
Conversely, when temperature changes are more gradual and a higher spatial resolution is
required, a larger number of points is included in each sequence.

Figure 2 presents the spatial configuration of the point cloud along with the TCP
positions, which are uniformly distributed across the XY, XZ, and YZ planes and strategi-
cally located within the mid-range of each axis. This arrangement of points is designed to
enhance the efficiency of the inverse kinematics (IK) procedure, enabling the determination
of MT kinematic parameters critical for potential volumetric adjustments. Starting from
point P1, the machine sequentially progresses through each subsequent point until reaching
the final point, thereby completing a full measurement cycle. Subsequently, the machine
returns to point P1 to initiate a new measurement sequence.
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For full automation of the measurement acquisition sequence, as explained in [30], it
is essential to determine the spatial relationship between the reflectors positioned on the
machine tool table and the laser tracker integrated into the machine tool spindle, and to
do so all within the machine tool’s coordinate system. This relationship is established by
performing two sequential best-fit transformations at four corner points within the machine
tool’s working volume.

The first best-fit transformation aligns the laser tracker reference system with the
reflectors fixed on the machine tool table. This is accomplished by sequentially moving the
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machine tool to four corner points of the point grid, where the laser tracker, embedded in
the machine’s spindle, measures the 3D positions of fiducial points at each corner. This
transformation aligns the four data sets, establishing the spatial relationship between the
corner points of the point cloud and the fiducial points within a local coordinate system
established at the initial measurement station.

The second best-fit transformation transfers this data set to the machine tool coordinate
system. This is achieved by transforming the coordinates of the four corner points to fit the
MT coordinate system using their nominal coordinates.

The full automation of the MIIM measurement process eliminates the need for human
intervention throughout the entire duration of the batch measurement sequence. This
ensures that, as soon as a volumetric error mapping process is completed, the system
seamlessly initiates a new measurement sequence. Consequently, hundreds of volumetric
error mapping measurements can be conducted fully autonomously over several consecu-
tive days. This process is enabled through closed-loop communication between the laser
tracker controller and the machine tool controller. As the machine tool moves to the next
measurement point within the point cloud, the laser tracker controller receives a trigger
to perform distance measurements at each fiducial point. Similarly, once the laser tracker
completes its measurement, the machine tool controller is signalled to proceed to the next
measurement point.

The closed-loop communication between the laser tracker controller and the machine
tool controller is orchestrated by the metrology software that is used to execute the measure-
ment sequence. Thus, the SpatialAnalyzer® 2023.2 software (Hexagon, Stockholm, Sweden)
is utilized, providing all the necessary functionalities to facilitate seamless bidirectional
communication with the machine tool controller.

As illustrated in Figure 3, the laptop running the metrology software is connected to
the laser tracker controller (integrated into the machine tool head) and the machine tool
controller via the machine’s PLC using a TCP/IP connection. Alternatively, for long tests,
the laser tracker can also connect wirelessly via a Wi-Fi network.
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On the laser tracker controller side, signal transmission and reception are managed
using various functionalities provided within the Measurement Plan environment of Spatial
Analyzer®. On the machine tool controller side, specific logic has been implemented within
the machine tool’s PLC environment to enable signal exchange. This is achieved through a
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CNC logic-based subprogram, which facilitates the modification of CNC variables within
the machine’s PLC.

In this setup, the main measurement CNC program, introduced by the technician,
invokes the subprogram to enable CNC variable modifications, allowing the measurement
process to operate in a fully autonomous mode.

Currently, this capability has been established for HEIDENHAIN TNC7 (Dr. Johannes
Heidenhain GmbH, Traunreut, Germany) and SIEMENS 840 C (Siemens AG, Munich,
Germany) controllers.

2.2. Research Materials—Tested Machine Tools

This research was conducted on two Zayer machine tools, each characterised by
distinct architectural designs. The research builds upon the analyses previously performed
on the ARION G™, which was used for the preliminary research documented in [30,33].
The current study examines the THERA™ machine, where the solution was extended
to the Heidenhain CNC, and the ZERO™ machine, where all final validations were also
conducted using the same CNC. Figure 4 depicts the two machines under study, with the
THERA™ on the left and the ZERO™ on the right.
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Table 2 summarises the main characteristics of the machine tools used in this research,
which focused on developing and validating the MIIM methodology for measuring the
impact of ambient thermal effects on machine tools.

Table 2. Main characteristics of the tested machine tools.

ARION G™ THERA™ ZERO™

Architecture Bridge Gantry Bed

Linear Axes X part side
Y, Z Tool side X, Y, Z Tool side X part side

Y, Z Tool side
Travel X (mm) 3500 14,500 4000
Travel Y (mm) 3100 3500 1200
Travel Z (mm) 1100 1500 1600

Shop floor Tekniker Zayer Zayer
Climatization No Yes 20 ◦C ± 1 ◦C Heating ≤ 20 ◦C

This experimental research was complemented by simulation studies employing
the FEM to analyse the theoretically expected thermal response of each machine under
investigation. Figure 5 presents the FEM models of both machines, with the ram positioned
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at the ends of their respective travel ranges. Both models consider the anchorages to the
floor as fixed points in the boundary conditions.
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Table 3 outlines the key specifications of the ambient temperature sensor used to
monitor the air temperature near the ram of the tested machine. No additional thermal
sensors were incorporated into the experiments to minimise supplementary measurement
equipment and in order to rely solely on the laser tracker system.

Table 3. Ambient temperature sensor main characteristics.

Sensor
Type

Measuring
Range Accuracy Resolution Reaction

Time Calibration

Pt-100 −100 to +260 ◦C ±(0.3 ◦C + 0.3% of mv) 0.01 ◦C <45 s ISO/IEC-17025

In the THERATM machine tool, due to its symmetrical design, the most sensitive
direction to thermal errors caused by ambient temperature variation is the Z-direction
(vertical), corresponding to the contraction and elongation of the columns and ram. In the
case of the ZERO™ machine tool, with the thermo-symmetric design of its column, the
ram’s contraction and elongation again represent the most sensitive component, generating
errors primarily in the Y-direction.

Figure 6 depicts the thermal deformation in the critical direction for the tested ma-
chines during a stationary step of −1 ◦C, showing a significant contraction in the Z direction
on the THERATM MT and in the Y direction on the ZEROTM MT.
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3. Experimental Tests and Results
The following research was conducted to validate the MIIM methodology for eval-

uating errors by large-scale MTs caused by variations in the ambient temperature and to
generalise its application to other MT architectures beyond those employed in previous
studies. Prior to this work, all experiments had been restricted to a single machine within a
single environment. In contrast, this research involves extensive testing on two different
machines in two distinct environments, providing a broader scope for analysis.

3.1. THERA™ Machine Tests

From 23 October to 7 November 2023, a series of tests were conducted on the THERA™
Zayer gantry machine at the Zayer assembly shop floor. The objective was to validate the
robustness of extending the MIIM methodology—previously applied to a single machine
with a SIEMENS 840 CNC—to a new MT architecture equipped with a HEIDENHAIN
TNC7 CNC control.

Several experiments were conducted over two weeks, defining a measurement point
cloud of 74 points, with each MIIM measurement requiring 48 min to complete. Figure 7
illustrates the linear axis reference system used and provides a detailed view of the laser
tracker mounted on the tool holder during the measurement procedures. The measured
volume and resolution for each measurement were as follows:

• X-axis: −14,700 ÷ −8700 (6000 mm) with a step size of 1000 mm; portal frame gantry
movement;

• Y-axis: −3400 ÷ −400 (3000 mm) with a step size of 500 mm; transverse movement
along the bridge;

• Z-axis: −1460 ÷ −60 (1400 mm) with a step size of 200 mm; ram vertical movement.

Appl. Sci. 2025, 15, 2600 10 of 27 
 

illustrates the linear axis reference system used and provides a detailed view of the laser 
tracker mounted on the tool holder during the measurement procedures. The measured 
volume and resolution for each measurement were as follows: 

• X-axis: −14,700 ÷ −8700 (6000 mm) with a step size of 1000 mm; portal frame gantry 
movement; 

• Y-axis: −3400 ÷ −400 (3000 mm) with a step size of 500 mm; transverse movement 
along the bridge; 

• Z-axis: −1460 ÷ −60 (1400 mm) with a step size of 200 mm; ram vertical movement. 

(a) (b) 

Figure 7. THERATM machine tool axes definition: (a) general view of the machine tool and (b) laser 
tracker on the tool holder. 

Refer to Figure 2 for a detailed representation of the point cloud utilised in the test 
campaign conducted on the THERA™ machine tool. The figure illustrates the spatial dis-
tribution of points and the sequence of movements for each MIIM measurement 

The machine was placed in a large environment dedicated to the assembly, setup, 
and factory acceptance testing of MTs before they are dispatched to the final user. The 
shop floor was thermally controlled during working hours, maintaining the air tempera-
ture at 20 °C ± 1 °C. The temperature control system was switched off at 6:00 p.m. and 
reactivated at 5:00 a.m. daily. 

Figure 8 depicts the air temperature variations during the test campaign, illustrating 
how the temperature was effectively maintained during working hours on weekdays, de-
creased overnight, and recovered quickly when the climate control system was reac-
tivated before the start of daily operations. Two tests are reported: the first was conducted 
over three weekdays with minimal temperature variations, and the second was conducted 
over eight days, including a weekend. The image highlights the weekends and 1st No-
vember, when the air-conditioning system was also turned off, resulting in the lowest rec-
orded temperatures, particularly during the second weekend, when the ambient temper-
ature dropped to a minimum of 16.87 °C. 

Figure 7. THERATM machine tool axes definition: (a) general view of the machine tool and (b) laser
tracker on the tool holder.

Refer to Figure 2 for a detailed representation of the point cloud utilised in the test
campaign conducted on the THERA™ machine tool. The figure illustrates the spatial
distribution of points and the sequence of movements for each MIIM measurement.

The machine was placed in a large environment dedicated to the assembly, setup, and
factory acceptance testing of MTs before they are dispatched to the final user. The shop
floor was thermally controlled during working hours, maintaining the air temperature at
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20 ◦C ± 1 ◦C. The temperature control system was switched off at 6:00 p.m. and reactivated
at 5:00 a.m. daily.

Figure 8 depicts the air temperature variations during the test campaign, illustrating
how the temperature was effectively maintained during working hours on weekdays, de-
creased overnight, and recovered quickly when the climate control system was reactivated
before the start of daily operations. Two tests are reported: the first was conducted over
three weekdays with minimal temperature variations, and the second was conducted over
eight days, including a weekend. The image highlights the weekends and 1st November,
when the air-conditioning system was also turned off, resulting in the lowest recorded
temperatures, particularly during the second weekend, when the ambient temperature
dropped to a minimum of 16.87 ◦C.
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Figure 8. Measured air temperature near the THERATM machine.

Table 4 summarises the ambient temperature variations, across which there was an
an average temperature close to 20 ◦C due to the controlled environment. A maximum
difference of 4 ◦C was recorded during the second experiment, which was attributable to
the three non-working days included in the test.

Table 4. Average, maximum, minimum, and absolute ambient temperature variations recorded on
tests conducted during October–November 2023 on climatised shopfloor.

Test Days Taverage (◦C) Tmax (◦C) Tmin (◦C) ∆T (◦C)

24–27 October 19.99 20.50 18.79 1.71
30 October–7 November 19.21 20.85 16.87 4.02

3.1.1. First Test: Low Ambient Temperature Variation

The first test was conducted over three consecutive working days without inter-
ruptions and under stable ambient temperature conditions. This near quasi-stationary
scenario was achieved due to the climate-controlled shop floor, which maintained stable
temperatures during the day. Additionally, warm nights resulted in minimal overnight
temperature drops, with variations of less than 1 ◦C. During this period, 86 complete MIIM
measurements were performed.

Figure 9 shows the geometric deviations at each of the 74 measured points (refer to
Figure 2) across the 86 MIIM measurements conducted from 24 to 27 October 2023. The
average ambient temperature during this period was approximately 20 ◦C, fluctuating
between a minimum of 18.8 ◦C and a maximum of 20.5 ◦C (refer to Table 4), with very stable
conditions during working hours. The superimposed data in the figure, forming a narrow
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band, highlight the minimal repeatability error of the MIIM methodology compared to the
absolute geometric error of the MT. Geometric deviations along the X, Y, and Z axes are
denoted as Ex, Ey, and Ez, respectively.
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Figure 9. Measured geometric deviation for THERATM MT axes Ex, Ey, and Ez (first test: low ambient
temperature variation).

Table 5 provides the maximum and average standard deviation values for the X, Y,
and Z axes that were calculated for this experiment, referring to Figure 9.

Table 5. Maximum and average standard deviation values for the MIIM test performed from
24 to 27 October 2023 (results in µm).

X-Axis (µm) Y-Axis (µm) Z-Axis (µm)

Average 5 8 12

Maximum 10 12 17

The results indicate that the volumetric errors or deviation variations were small
during this experiment. However, even under stable ambient conditions, the machine tool
errors exhibited a delayed response to the temperature trends. Due to the symmetrical
design of the machine, this effect was most prominent along the Z-axis, where the columns
and ram expanded or contracted in proportion to ambient temperature changes (refer to
Figure 6).

Figure 10 illustrates the evolution of the environmental temperature variation error
(ETVE) in the Z direction at a specific point within the measurement point cloud, corre-
sponding to a Y-centred position and maximum ram extension (Point P_25 in Figure 2).
A clear correlation is observed between temporal fluctuations in the point deviation and
ambient temperature changes. As the temperature increases, the error grows in a positive
direction, effectively making the machine appear larger, with a certain delay. Conversely,
as the temperature decreases, the error shifts in a negative direction, making the machine
appear smaller. The error remains stable in the absence of temperature fluctuations.
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3.1.2. Second Test: Extended Duration and Greater Environment Variability

The second significant test was conducted over eight uninterrupted days, during which
the ambient temperature exhibited greater variations compared to the first test. While
the shop floor’s climate control system maintained a stable temperature during working
hours, colder nights, particularly on 1 November and during the weekend climate control
shutdown, resulted in a significant temperature drop of 4.0 ◦C. Over this period, a total
of 225 complete MIIM measurements were performed. The average ambient temperature
during the eight-day experiment was 19.21 ◦C, with temperatures ranging from a minimum
of 16.8 ◦C to a maximum of 20.9 ◦C. Highly stable conditions were observed during working
hours due to the climatization system.

Figure 11 illustrates the deviations at each of the 74 measured points (refer to Figure 2)
across the 225 MIIM measurements conducted between October and November 2023. Geo-
metric deviations along the X, Y, and Z axes are represented as Ex, Ey, and Ez, respectively.
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Table 6 presents the average and maximum standard deviation values for the X, Y, and
Z axes, calculated based on the data shown in Figure 11.
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Table 6. Maximum and average standard deviation values for the MIIM test performed between 30
October and 7 November 2023 (results in µm).

X-Axis (µm) Y-Axis (µm) Z-Axis (µm)

Average 12 8 33

Maximum 21 15 37

Figure 12 shows the evolution of the ETVE in the Z direction at a specific point within
the measurement point cloud, corresponding to a Y-centred position and maximum ram
extension (Point P_25 in Figure 2). A clear correlation is evident between temporal fluctu-
ations in the point deviation and the ambient temperature changes. As the temperature
increases, the error grows in a positive direction, effectively making the machine appear
larger, with a certain delay. Conversely, when the temperature decreases, the error shifts in
a negative direction, making the machine appear smaller. The error remains stable in the
absence of temperature fluctuations.
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3.2. ZERO™ Machine Tests

Between 12 and 26 February 2024, a new test campaign was conducted on the ZERO™
Zayer machine on the Zayer manufacturing shop floor. This campaign aimed to extend the
MIIM methodology to a Heidenhain TNC7 CNC control system and assess its applicability
to a different MT architecture, specifically a bed-type machine located in a non-climatised
environment. Unlike previous tests, this environment had only a heating system for
operator comfort, resulting in significant temperature variations during the two-week
experiment.

Several experiments were conducted during this period, defining a measurement
point cloud comprising 84 points. Each MIIM measurement required 46 min and 24 s to
complete. Figure 13 shows the linear axis reference system and details of the laser tracker
mounted on the tool holder during the measurement procedures. The measured volume
and resolution for each measurement were as follows:

• X: ÷ 2.650 ÷ −1.350 (1.300 mm) with a step size of 260 mm (table horizontal move-
ment);

• Y: −1.300 ÷ −100 (1.200 mm) with a step size of 240 mm (ram horizontal movement);
• Z: −1.150 ÷ −50 (1.100 mm) with a step size of 100 mm (vertical movement along the

column).
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Figure 13. ZEROTM machine test details: (a) reference system and (b) detail of the laser tracker at-
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paign, conducted on the ZERO™ machine tool. 

 

Figure 14. Measured points’ spatial distribution and movement sequence for the ZEROTM. 

Two significant experiments, each lasting over three days and involving more than 
100 complete MIIM measurements, are detailed in the following sections. These experi-
ments confirm the methodology’s value in studying thermal errors induced by ambient 
temperature variations within a machine tool’s working volume. The first experiment was 
conducted over three working days with substantial temperature fluctuations, while the 
second, longer experiment spanned a similar duration but included a weekend. 

Figure 15 depicts the evolution of the air temperature during the test campaign, 
showing significant drops during the night, with reductions of nearly 8 °C on the coldest 

Figure 13. ZEROTM machine test details: (a) reference system and (b) detail of the laser tracker
attached to the tool holder.

Figure 14 illustrates the point cloud and movement sequence used in this test cam-
paign, conducted on the ZERO™ machine tool.
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Two significant experiments, each lasting over three days and involving more than
100 complete MIIM measurements, are detailed in the following sections. These experi-
ments confirm the methodology’s value in studying thermal errors induced by ambient
temperature variations within a machine tool’s working volume. The first experiment was
conducted over three working days with substantial temperature fluctuations, while the
second, longer experiment spanned a similar duration but included a weekend.

Figure 15 depicts the evolution of the air temperature during the test campaign,
showing significant drops during the night, with reductions of nearly 8 ◦C on the coldest
nights. Rapid temperature recovery occurred each morning when the heating system was
activated a few hours before the start of the workday. The test campaign also included two
weekends.



Appl. Sci. 2025, 15, 2600 15 of 25

Appl. Sci. 2025, 15, 2600 16 of 27 
 

nights. Rapid temperature recovery occurred each morning when the heating system was 
activated a few hours before the start of the workday. The test campaign also included 
two weekends. 

 

Figure 15. Measured air temperature near the ZEROTM machine. 

Table 7 summarises the notable ambient temperature variations, with differences of 
nearly 8 °C being observed due to the heating system being switched off during the night 
and over weekends. 

Table 7. Average, maximum, minimum, and absolute ambient temperature variation recorded by a 
test conducted in February 2024 in a non-climatised shopfloor. 

Test Days Taverage (°C) Tmax (°C) Tmin (°C) ∆T (°C) 
12–15 February 18.25 20.58 12.86 7.72 
23–26 February 16.18 21.37 13.56 7.81 

The results for the three axial directions indicate a strong correlation between the 
temperature variations and error evolution. The errors consistently shifted in the same 
direction as the temperature changes, with a slight delay and smoother transitions due to 
the thermal inertia of the machine’s structure. 

Figures 16–18 illustrate the temperature evolution and corresponding measured er-
ror evolution for each axis during the two selected tests. These results pertain to Point 
P_11, representing the maximum ram extension and an intermediate position along the Z 
direction. 

(a) (b) 

Figure 16. Temporal evolution of error EX: (a) first test from 12 to 15 February and (b) second test 
from 23 to 25 February. 

Figure 15. Measured air temperature near the ZEROTM machine.

Table 7 summarises the notable ambient temperature variations, with differences of
nearly 8 ◦C being observed due to the heating system being switched off during the night
and over weekends.

Table 7. Average, maximum, minimum, and absolute ambient temperature variation recorded by a
test conducted in February 2024 in a non-climatised shopfloor.

Test Days Taverage (◦C) Tmax (◦C) Tmin (◦C) ∆T (◦C)

12–15 February 18.25 20.58 12.86 7.72
23–26 February 16.18 21.37 13.56 7.81

The results for the three axial directions indicate a strong correlation between the
temperature variations and error evolution. The errors consistently shifted in the same
direction as the temperature changes, with a slight delay and smoother transitions due to
the thermal inertia of the machine’s structure.

Figures 16–18 illustrate the temperature evolution and corresponding measured er-
ror evolution for each axis during the two selected tests. These results pertain to Point
P_11, representing the maximum ram extension and an intermediate position along the Z
direction.

Refer to Figures 13 and 14 for additional context. In all figures, the absolute value of
the error increases in in a negative direction, indicating that the machine appears to contract
as the ambient temperature drops during the night. The error tends to recover during the
rapid morning temperature increase when the shop floor heating system is reactivated.
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Two theoretical approaches were undertaken to mathematically validate that the
measured error evolution depicted in the above figures was caused by ambient temperature
variations:

• First-Order Model: A first-order model was calibrated using data from one of the tests
to identify key parameters, including the thermal time constant and proportional gain.
This model was then used to generate a simulated response based on the temperature
data from the first test. A comparison of the simulated output with the actual measured
errors demonstrated a strong correlation, confirming the model’s accuracy.

• Finite Element Method Analysis: The second approach entailed utilising the machine’s
FEM model to perform a transient thermal analysis, using temperature variations
as the input. The predicted deformations were compared with the measured errors,
once again validating that the observed error evolution is attributable to ambient
temperature fluctuations.

3.2.1. First-Order Model Validation of ZERO™ Machine Tests

To explain the measured error values, an initial attempt was made to derive the
thermal error transfer function by fitting a simple physical model to the results. This model
utilised the ambient temperature as the input and the evolution of the measured error
as the output. A similar methodology was recently proposed by Zhang et al. [35]. The
hypotheses for establishing the model are as follows:

• The energy balance in each direction is modelled as a single thermal inertia. The heat
loss or gain of the machine is assumed to be proportional to the temperature difference
between the machine and its environment, with radiative effects being considered
negligible;
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• The heat transfer coefficient is treated as a constant, independent of the temperature
and direction, whether heat is transferred from the machine to the environment or
vice versa;

• The machine’s expansion is assumed to be essentially linear concerning the tempera-
ture;

• All variables are considered to deviate from the baseline operating conditions, under
which the errors were initially defined as zero.

By modelling the energy balance in each direction as a single thermal inertia, the
calculation is conducted based on the formula presented in Equation (1).

m × Cp × dT
dt

= U × A × (Tenv − T) (1)

wherein the following definitions apply:

• m: the considered mass of the structure;
• Cp: specific heat capacity of the structural material;
• U: the convective heat transfer coefficient;
• A: the effective convective area;
• Tenv: the environment temperature difference;
• T: the temperature difference of the structure.

The length variation with the temperature can be expressed as follows

α × Linitial ×
dT
dt

=
dL
dt

(2)

wherein the following definitions apply

• α: the linear expansion coefficient of the structural material;
• Linitial: specific initial length at the instant where the conditions were set to zero.

Applying the Laplace transformation to the above Equations (1) and (2), Equations (3)
and (4) are obtained.

m × Cp × s × T(s) = U × A × (Tenv(s)− T(s)) (3)

α × Linitial × T(s) = L(s) (4)

Combining Equations (1) and (2) and rearranging them, the following transfer function
between the position error and the ambient temperature is obtained:

m × L(s)
Text(s)

=
α × Linitial × U × A
U × A + m × Cp × s

=
α × Linitial

1 + m×Cp
U×A s

(5)

wherein:

• System gain: k = αLinitial ;

• Time constant: τ =
m×Cp
U×A .

To identify the system, the tfest function from the MATLAB™ R2022a System Identifi-
cation Toolbox (Mathworks, Natick, MA, USA) was utilised to analyse a three-day data set
collected from 23 to 26 February. Data from the second test were selected for the model
calibration, as they were gathered during a weekend, thus avoiding interference from other
machinery and providing an environment that was likely to exhibit larger temperature
differences.

The measurements used to adjust the model were taken at three distinct positions
along the Y-axis of the ram. The sampling frequency for the training data was 46 min and
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24 s, which corresponds to the time required to complete one full MIIM cycle. The model’s
input was the difference between the ambient temperature and the initial temperature,
while the output represented the measurement error in the Y-axis position relative to the
initial measurement

Table 8 presents the results of the identification process, including the system gains
and time constants derived from the experimental data recorded at three different selected
points. Further details can be found in Figure 14.

Table 8. Identified system parameters.

Position Maximum Ram Extension Middle Ram Extension Minimum Ram Extension

Measured Point
Travel Y (mm) −100 −700 −1300

k (mm/◦K) 0.02 0.014 0.011
τ (s) 13,773 14,653 15,079

The thermal time constants at the three Y-measured positions are found to be quite
similar. When U × A is calculated for all cases, values ranging from 48 to 53 W/K are
obtained. Assuming a specific heat capacity Cp of 460 J/kg·K, as specified in EN 1561:2024
for grey cast iron [38], a ram mass (m) of 1580 kg, and an effective surface area of the ram
in contact with the environment of approximately 5 m2 (A), the convection coefficient (U)
is estimated to be around 10 W/m2·K. This appears to be a reasonable value for natural
convection at moderate temperatures

Once the model was developed, an initial analysis was conducted by comparing the
model’s output with the measured data to assess its performance.

Figure 19 presents the training data used to identify the model parameters as expressed
in Equation (5). This includes the measured EY error evolution at Point P_11 alongside
the simulated values representing the output of the adjusted first-order model at the same
point. This point corresponds to the maximum extension of the ram.
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Figure 20 presents a second analysis conducted to validate the first-order model. This
involved comparing the model’s output, generated using ambient temperature data from
the initial test period from 12 to 15 February as the input, against the MIIM output recorded
during the same period.
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Several metrics were employed to evaluate the quality of the model, demonstrating
that the output, namely the machine error variation, is directly related to the model’s input,
which is the recorded ambient temperature. The following metrics were used:

MAE =
1
N

×
N

∑
i=1

|yi − ŷi| (6)

RMSE =

√√√√ N

∑
i=1

(yi − ŷi)
2

N
(7)

herein, the following definitions apply:

• yi: Measured value at time instant i. In this case, it represents the ETVE in the Y
direction obtained from the MIIM measurement;

• ŷi: Estimated or predicted value at time instant i. This is the estimated ETVE in the Y
direction, as calculated by the adjusted first-order model;

• N: Number of data points; in this case, 100 MIIM results;
• Mean absolute error (MAE): Calculated as the sum of the absolute differences between

the predicted values (calculated by the model) and the actual measured values divided
by the sample size;

• Root mean square error (RMSE): The quadratic mean of the differences between the
measured values and the predicted values.

Table 9 presents the numerical values of the established metrics, comparing the mea-
sured data with the predictions generated by the first-order model for the two analyses.
The comparison between the model’s output and the measured data revealed a strong
correlation, demonstrating that the model accurately predicts the machine’s error variation,
which is primarily influenced by the ambient temperature. The model’s performance was
quantitatively assessed using the MAE and RMSE metrics, which confirmed the model’s
validity in both the adjustment phase (22–26 February) and the subsequent validation
phase (12–15 February). The lower MAE and RMSE values during the adjustment phase
(6.9 µm and 9.6 µm, respectively) compared to the validation phase (10.1 µm and 14.1 µm)
indicate that the model performs well within the calibration range, although there is some
discrepancy when it is applied to a different period.
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Table 9. Comparison metrics between measured values and first order model predictions.

Date MAE [µm] RMSE [µm]

Adjustment 22 to 26 February 6.9 9.6

Validation 12 to 15 February 10.1 14.1

3.2.2. FEM-Based Validation of ZERO™ Machine Tests

A second approach was undertaken to validate the correlation between the measured
thermal error evolution and environmental temperature variations using FEM simulations.
The ZERO™ machine was modelled using Altair OptistructTM 2024 Software (Altair Engi-
neering Inc., Troy, MI, USA), as shown in Figure 5b. A transient thermal analysis was con-
ducted using the recorded environmental temperature variations from 23 to 26 February
as input data. The analysis output, representing the TCP displacement at each of the
100 calculated steps, was then compared with the errors measured at the corresponding
steps during the MIIM process.

Several points within the point cloud were analysed to confirm the validity of the
simulation results, which yielded good correlations across all tested positions. For clarity,
the results for two significant and easily interpretable positions are presented below, where
they are compared in detail with the experimentally measured errors from the MIIM tests.

Figure 21 shows the calculated positions corresponding to Point P_11 and Point P_31
(refer to Figure 14). These positions are critical for determining the Y-axis error and are
particularly sensitive to environmental temperature variations, as previously explained.
Position 1 is expected to exhibit a greater degree of influence from temperature changes,
with a proportional relationship to the intermediate position. This behaviour aligns with a
convective heat transfer scenario and the linear expansion characteristics of the structural
material.
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Figure 22 illustrates the measured data and the FEM model output obtained using the
ambient temperature variations recorded during the test conducted from 23 to 26 February.
The graph represents the measured EY error evolution at Point P_11 alongside the FEM-
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simulated value. This specific point corresponds to the maximum extension of the ram
(Point 11 in Figure 14 and Position 1 in Figure 21a).
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Figure 23 presents the FEM results in the Y direction in the specific moment indicated
with a circle in Figure 22, which is near the conclusion of the test, when the machine
responds to the activation of the heating system and the error begins to reduce. The
undeformed and deformed structures are displayed together in the image, illustrating how
the contraction of the ram predominantly contributes to the error in the Y direction. The
corresponding error values are also plotted.
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Figure 24 illustrates the measured data and the FEM model output obtained using the
ambient temperature variations recorded during the test conducted from 23 to 26 February.
The graph represents the measured EY error evolution at point 31 alongside the FEM-
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simulated value. This specific point corresponds to the intermediate extension of the ram
(Point 31 in Figure 14, Position 2 in Figure 21b).
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The FEM-based validation of the ZERO™ machine tests has demonstrated a strong
correlation between the simulated and measured thermal error evolutions, with the FEM
model accurately capturing the influence of environmental temperature variations on the
Y-axis position errors. The comparison of the measured data with the FEM simulation
results, particularly at critical positions such as the maximum and intermediate Y-axis
travel, shows a good agreement, confirming the reliability of the simulation in predicting
machine behaviour under varying environmental conditions.

Table 10 presents the numerical values of the established metrics for comparing
the measured data with the values calculated by the FEM model for the two defined
positions. At Position 1 (maximum Y travel), the FEM model effectively reproduced the
significant thermal error changes induced by the temperature fluctuations, with both
the mean absolute error (MAE) and root mean square error (RMSE) values indicating a
satisfactory level of accuracy (13.1 µm and 16.3 µm, respectively). Similar correlations were
observed at Position 2 (intermediate Y travel), with the MAE and RMSE values of 13.3 µm
and 17.3 µm, respectively, further validating the robustness of the FEM model.

Table 10. Comparison metrics between measured values and FEM model predictions.

Travel Y (mm) MAE [µm] RMSE [µm]

Position 1 −1350 13.1 16.3

Position 2 −700 13.3 17.3

4. Conclusions
This study extends previous research by further developing the machine tool inte-

grated inverse multilateration (MIIM) methodology to assess the impact of ambient thermal
variations on medium- and large-scale machine tools in industrial environments. By embed-
ding an absolute distance measurement device within the spindle, the MIIM methodology
provides an automated approach to volumetric error characterisation, eliminating reliance
on controlled conditions, expensive thermal monitoring equipment, or dedicated calibra-
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tion artefacts. This advancement makes the MIIM method a practical tool for evaluating
thermal distortions in real-world manufacturing settings.

The methodology has been applied to the assessment of large-scale machine tools
operating under fluctuating thermal conditions, offering a reliable and scalable solution for
automated error evaluation. Its adaptability to different machine configurations, control
systems, and environmental conditions underscores its potential for broad industrial
application.

Comprehensive testing has demonstrated the robustness of the MIIM method, facilitat-
ing continuous, unattended data collection over extended periods. The results confirm its
effectiveness in detecting thermally induced errors in large machine tools while addressing
critical challenges in thermal error assessment, such as the need for low measurement
uncertainty, full volumetric coverage, and the efficient monitoring of temperature-related
deviations.

Validation experiments were conducted on two distinct machine architectures—THERA™
(gantry type) and ZERO™ (bed type)—within standard workshop conditions, without alter-
ing the ambient environment. These trials complement earlier investigations involving the
ARION G™ (bridge type) machine, reinforcing the MIIM method’s applicability across diverse
machining platforms. Long-term testing revealed a strong correlation between thermal error
patterns and ambient temperature fluctuations, validating the methodology’s reliability for
autonomous monitoring over extended durations.

Further validation was achieved through a combination of first-order analytical models
and finite element simulations, confirming ambient temperature variations as the primary
driver of the observed thermal deviations. This integration of experimental data with
simulation models strengthens the foundation for future refinements in machine tool
performance optimisation and thermal compensation strategies.

The principal outcomes of this research include:

• Applicability to large MTs: The investigations using gantry- and bed-type machines,
alongside prior work on bridge-type machines, demonstrate the methodology’s appli-
cability to large-scale MTs;

• Customisable parameters: Measurement points and traversal paths can be tailored to
the experimental objectives, enabling rapid measurements during fast temperature
changes or a higher resolution during gradual variations;

• Full automation: The system operates autonomously, enabling continuous measure-
ment cycles without manual intervention and allowing hundreds of measurements to
be conducted consecutively over multiple days;

• Controller compatibility: The system supports HEIDENHAIN and SIEMENS con-
trollers, demonstrating versatility across different machine setups;

• Thermal dynamics insights: The MIIM method identifies critical parameters such
as the frequency, amplitude, and temperature gradients of ambient air temperature
changes, aligning with the ISO 230-3:2020 standards [29] and enhancing its industrial
relevance.

The ability of the MIIM method to characterise volumetric errors within a 40 to 60 min
cycle significantly enhances its practicality for various industrial applications. It is particu-
larly suited for rapid quality control during factory acceptance testing, the comprehensive
evaluation of new machine designs, and the precision assessment of machine installations
in non-thermally regulated environments.

Collaboration with Zayer MT builder has reinforced the industry relevance of MIIM,
highlighting its practical benefits for machine tool manufacturers. To facilitate widespread
adoption, future efforts should focus on developing a cost-effective CNC-based distance-
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measurement instrument with enhanced accuracy, which would further strengthen the
applicability of the MIIM method in industrial settings.
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