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A method is presented to measure machine tool thermal drift for error compensation. A wireless microscope
within a tool holder in the spindle is used to capture videos of image targets attached to the worktable. For
each target, one video is captured during spindle rotation orthogonal to the worktable and another video is
captured during axis translation orthogonal to the worktable. Data are collected periodically so that the
three-dimensional thermal error at each target location is determined via image analysis. Experiments verify
that the method measures micrometer-level tool-to-workpiece thermal drift for error model development

and thermal drift compensation.
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1. Introduction

Temperature variations within a machine tool due to internal heat
generation and heat transfer with the environment cause thermal
deformations that may lead to dimensional errors of a machined
workpiece [1]. In fact, dimensional deviations of machined parts can
be mainly attributed to thermally-induced displacements [2], espe-
cially for large-volume components [3]. Because thermal errors may
account for up to 75 percent of the total geometrical errors of a
machined part [1], advances in machining performance require the
reduction of thermal errors.

The reduction of thermal errors is usually achieved through (1)
machine design for thermal management, (2) an integrated model for
prediction and correction, or (3) real-time measurement and compensa-
tion of thermal errors. However, few approaches are efficiently imple-
mented on both existing and new machine tools. First, machine design
for thermal management, e.g., with a cooling system [4] or non-metallic
spindle materials [5], is generally expensive. Second, an integrated model
to predict and correct thermal errors, e.g., with machine parameters and
sensed temperatures inputted into a model [6], is inherently difficult to
develop because of the metrological effort and complexity [7,8]. Third, a
thermal compensation process [9,10] is typically difficult to achieve with
quick, accurate, and inexpensive intermittent measurements [1]. Other
approaches include machining process optimization [3], camera meas-
urements and work volume-sized grids of crossed lines [11], and a ther-
mal displacement estimation method using temperature sensor data
with deep learning [12].
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Thus, a new method is needed for thermal drift monitoring and
compensation of machine tools that is fast, accurate, inexpensive,
non-invasive, and practical for industrial adoption. This paper intro-
duces such a method for monitoring of tool-to-workpiece thermal
variations and demonstrates its experimental validation.

2. Method

Fig. 1 shows a high-level overview of the proposed method for real-
time monitoring of tool-to-workpiece thermal drift. A wireless micro-
scope within the spindle captures videos to determine local three-dimen-
sional thermal drifts of the spindle with respect to multiple high-contrast
image targets located on the worktable. These local drifts are then used
in a model to estimate the thermal drift within the work volume.

The microscope transmits videos of multiple targets to a smart-
phone for data capture. The targets have markings with relatively
high contrast for image analysis purposes. For any thermal state, one
rotation video and one vertical translation video are captured at each
target in less than half a minute. Each rotation video yields the
change in local planar (X-axis and Y-axis) displacements when its
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Fig. 1. Overview of tool-to-workpiece thermal drift monitoring method.
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analysis results are compared to those of the target’s previous ther-
mal state, while each translation video yields the change in local out-
of-plane (Z-axis) displacement when its analysis results are com-
pared to those of the target’s previous thermal state. The following
subsections explain these processes.

2.1. Spindle rotation to determine in-plane displacements

At each target, a rotation video is captured with the spindle rotat-
ing at a sufficiently slow speed, such that each video frame avoids
motion blur to maintain sufficient contrast. The video for the i ther-
mal state is then analyzed to yield the spindle rotation center, C;, in
the machine coordinate frame, as explained next.
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Fig. 2. Schematic of (a) image of calibration dot grid and (b) tracks of all calibration dot
centers in a rotation video.

One useful high-contrast image target is a grid of black dots with a
known grid spacing, as seen in Fig. 2a. The grid of dots has its own
local coordinate frame, (Xg, Yg), and the machine tool has its own
local coordinate frame, (X, Ym), both of which rotate about C; in the
image pixel frame, (x, ), as the microscope rotates. C; was positioned
to be close to a chosen dot center, so that even with thermal drift, G
remains closest to that same dot center (the chosen origin of the local
frames). As shown in Fig. 2b, the dot centers for all images in the rota-
tion video can be plotted together, revealing nominally circular tracks
with center C;. A custom segmentation-and-tracking routine [13] is
utilized to locate and track each dot center from image to image.
Note that each rotation video should capture at least one full rotation
of the microscope, so that the arcs are as circular as possible for fitting
purposes. While one arc may establish C;, multiple arcs aid the fitting
process (see below) and a dot grid establishes X; and Yg in each
image. Also, only the centers of full dots were utilized; partial dots
with centers outside the dashed box in Fig. 2b were ignored.

The rotation center, G, is then determined by fitting circular arcs
of various radii and one common center to the arcs of Fig. 2b. Every
point (x,y) of the g™ arc should satisfy the equation for a circle,
X=X+ —Yye)* = Ry%, where (xc,yc) is the location of C; in the
image pixel frame and Ry is the pixel radius of the q™ arc. Rearrang-
ment into matrix form yields

T
[-2x -2y 1[xc yo x4y —R?2] = (@ +)?) (1)

By utilizing every point for all arcs, a linear system of equations is
formed from Eq. (1) to solve for xc, y¢, and the radii via the least-
squares method. Hence, the rotation center, G, is known in the image
pixel frame. One significant advantage of a rotating microscope is
that C; is independent of misalignment and drift of the camera optical
axis relative to the spindle rotation axis.

Next, transformation of C; from pixel coordinates to local machine
coordinates uses the known grid spacing, the average grid spacing in
pixels, and the relationship between the local machine frame and the
local grid frame measured a priori via the same routine [13] used on
videos of X-axis or Y-axis translation at each target. Finally, the
change of C; in machine coordinates from one thermal state to
another yields the local in-plane thermal drift.

2.2. Translation to determine out-of-plane displacement

At each target, one translation video is captured with the spindle
moving at a constant velocity along the Z-axis with the motion of

length L centered around the nominal Z-axis position. The out-of-
plane displacement is determined via an analysis that involves com-
puting the contrast of each image, calculated using a Gaussian deriva-
tive method [14]. A Gaussian convolution kernel, I'(x,y), for a pixel
(x,y) within a square pixel window with an edge length of 2N,, is
defined as

1 4y’ ~Ny<x<N
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where o = Ny /2.5 and N,, = 7, which were chosen to yield a I'(%,¥)
that has decayed much near the window edges. For the i™ thermal
state, the pixel contrast value ¢;, at any pixel (x, y) of the k™ image is
calculated by convolution with the kernel as
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where I'y and I'y are the partial derivatives of I'(x, y) with respect to x
and y, respectively, and g;.(x,y) is the grayscale intensity value (an
integer from 0 to 255) at pixel location (x,y). The magnitude of the
grayscale value gy (x,y) is strongly affected by a microscope-mounted
light emitting diode (LED) ring.

The contrast metric ¢; is the mean of all ¢; over the k™ image
with pixel lengths of Ny and Ny, in the respective directions; that is,

Nx NJ/
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Hence, for a video consisting of K images, the vector ¢; of contrast
metric values is ¢; = [¢;1, ¢i2, -, di)- Fig. 3a shows a schematic of the
contrast metric versus image number. The image numbers ks and kg
denote the start and end of motion, respectively. The relative Z-axis
position, Z;, as a function of image number is then defined as
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Fig. 3. Contrast metric versus (a) video image number or (b) relative Z-axis position
during motion.
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so that the contrast is a function of Z, as seen in Fig. 3b.

The local out-of-plane thermal drift from the first thermal state to
another thermal state is determined by comparing the two contrast
metric curves, ¢; and ¢;. Due to deviations in lighting conditions dur-
ing the measurement process, the contrast metric curves are scaled
relative to each other. Thus, for a fair comparison, ¢; is scaled relative
to ¢ as

5 _ Mmax(¢y)

i = max(ey) o (6)

The two curves, ¢; and ¢;, as functions of Z should come from the
same microscope imaging process, which means ¢; and ¢; should be
extremely similar except for a shift in Z due to thermal changes. This
deviation, AZ;, is the displacement shift of ¢; that best aligns it to ¢;,
as shown in Fig. 4.

To determine AZ;, the root mean square (RMS) of the differences
between ¢, and ¢; for a variable shift, AZ, is first calculated within an
overlap range. This range is the intersection of the middle 80 percent
of the Z-axis motion ranges for ¢; and ¢; for AZ, to eliminate potential
transient data at the start and end of each motion. Therefore, the local
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Fig. 4. Original and shifted contrast metric curves.
out-of-plane thermal drift, AZ;, for the it thermal state is
AZ; = argmin [RMS;(AZ)]
AZ @)

where RMS;(AZ) is the vector of RMSs for the tested AZ values. The
negative sign (“-") in Fig. 4 yields the correct sign for AZ;.

3. Thermal drift model

For three-axis machine tools, the proposed linear error model is
e=SE (8)

where e = [Ax,Ay,Az] is the volumetric errors, and E and S are,
respectively, the error parameters and sensitivities defined as

E = [AEx, AEy, AEz, AEx, AEg, AEc, AExoy, Aax, Aay] (9a)

100 0 0 -Yy -Yr X O
S=| 010 0 0 X 0 0 Y (9b)
001 ¥ X 0 0 0 0

where AEy, AEy, and AE; are the positional error changes, AEs, AEg,
and AEc are the angular error changes, AExgy is the squareness error
change between the X- and Y-axes, Aax and Aay are the linear ther-
mal expansion changes of the X- and Y-axes, respectively, and
(Xt, Y1) are the machine coordinates of the target used during data
collection.

According to Egs. (8)-(9b), three linear equations are obtained
from a target. Data are acquired from four targets denoted T1 to T4,
and the error parameters E are computed via least-squares for

[er1, er2, er3, eta] = [St1, 812, S13,S14] E (10)

Note that at least three targets are required for a unique solution,
while four or more targets give redundancy or the ability to use a dif-
ferent linear or nonlinear model with more error parameters.

4. Experimental setup

Fig. 5 shows the experimental setup used to test the thermal drift
tracking method. Four targets (T1 to T4) are attached near the work-
table corners (see Fig. 5a). Each target is an ivory-colored calibration
artifact composed of a 25 mm x 25 mm grid of black dots with a
nominal diameter of 250 pm and a grid spacing of 500 um. Epoxy
with a relatively low coefficient of thermal expansion (54 x 107°
K1) is used to attach each artifact into an aluminum alloy part
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Fig. 5. (a) Experimental setup with four targets (T1 to T4) and twelve capacitive sen-
sors (CSs) and (b) wireless microscope in custom adapter.

fixtured to the worktable. For the capture of videos of the targets, an
inexpensive (< 50 USD) wireless microscope is fixed inside a stain-
less-steel adapter (see Fig. 5b). The microscope outputs videos to a
smartphone with images of 1920 pixels x 1080 pixels at a frame rate
of about 13 Hz. The magnification was fixed at about 2.6, yielding pix-
els that represent a field of view of the target area of about
1.07 pm x 1.07 pm.

Capacitive sensors (CSs) were also set up for verification and vali-
dation (V&V) of the new method. As seen in Fig. 5a, three CSs were
configured orthogonally within a sensor nest at each of the four tar-
gets to measure the local three-dimensional drift. Each CS measured
its displacement from a stainless-steel ring (see Fig. 5b) attached to
the adapter with the spindle oriented at an angle to eliminate various
influences, including the total indicated runout (about 12 ym) mea-
sured off the curved ring surface.

At each target, (1) CS data were collected at 25 Hz for 10 s, (2) the
rotation video was captured with the spindle rotating at 10 rpm for
slightly more than one full rotation, and (3) the translation video was
captured with the non-rotating spindle moving in the positive Z-axis
direction over 508 pm (L = 0.02 in) for 12 s. All data analysis was
then performed on a computer.

5. Results

Various experiments were conducted for V&V of the thermal drift
tracking method. In each of the following tests, the displacements
determined by the CS data are compared against the displacements
calculated from the new method, and the errors are the method val-
ues minus the CS values.

5.1. Simulated thermal drift

The machine tool and the experimental setup remained near a
thermal equilibrium during three different cases of simulated ther-
mal drift: (Case 1) X-axis displacements, (Case 2) simul-taneous X-
axis and Y-axis displacements, or (Case 3) simultaneous X-axis, Y-
axis, and Z-axis displacements, with data collected at axis displace-
ments from 0 pm to 50.8 pum (0.002 in) with an increment of
10.16 pm (0.0004 in).

Fig. 6 shows histograms (60 occurrences each) of all the combined
errors from all three cases. Most error magnitudes for the X- and Y-
axis directions are within 1 pm. A separate study for this work
revealed that the radial errors of the circular fits (see Section 2.1) are
typically within 1 pum with a standard deviation of about 0.27 pm,
even with an induced microscope-to-target tilt of more than
500 prad. Thus, no significant distortion of the dot paths was
observed during motion. Also, the effect of the rotation on the sub-
pixel radial errors was investigated for various spindle speeds,
revealing that the rotation rate of 10 rpm does not significantly affect
the measurement uncertainty via the microscope properties (pixel
resolution, exposure time, and frame rate). Finally, Fig. 6 shows that
most error magnitudes for the Z-axis direction are within 5 pm.

301 (@) X dY 9z
25
20 —
15 — |
10 ]
g = |

2 1 0 1 2 -1 0 1 9 0 9

Error (um) Error (um) Error (pm)

Occurrences

Fig. 6. Histograms of errors of the new method in the (a) X-, (b) Y-, and (c) Z-axis
directions for all three simulated thermal drift tests.

5.2. Real thermal drift

The spindle was warmed up at 10k rpm for 30 min without the
microscope assembly in it. After the spindle was stopped, the
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Fig. 7. Errors of the new method in the (a) X-, (b) Y-, and (c) Z-axis directions during
spindle cooldown at each of the four targets (T1 to T4).

microscope assembly was placed back into the machine tool and data
was collected every 30 min. Fig. 7 shows the errors of the new
method for displacements at each thermal state (at 30 min, 60 min,
etc.) compared to the initial state (at 0 min). While the X- and Y-axes
error magnitudes are within 5 pm, there are significant Z-axis error
magnitudes between 10 pm and 35 pm at all targets. The CS data con-
firmed that the displacements (not shown) in the X-, Y-, and Z-axis
direction grew to be only about 7 pm, 10 pm, and 9 pm, respectively,
so the Z-axis errors are relatively large. Thermal changes of the
microscope affected the errors in the Z-axis direction because the
spindle warmed up the microscope after reinsertion.

The machine tool was then in a cooled state before the X-axis was
warmed via rapid motion of the axis back and forth over its entire travel
range for 30 min. Fig. 8 shows the reference displacements, measured
from the cooled state to the warmed state, and the errors of the new
method. As seen in Fig. 8a, the X-axis experiences a tool-to-workpiece dis-
placement of about 160 pm at T1 and T2 and a displacement of about
50 pm at T3 and T4. The warmup causes an X-axis thermal expansion, so
the difference in displacements is understandable because T1 and T2 have
X-axis values that are about 3.6 times greater than those for T3 and T4.
Also, as seen in Fig. 8b, all errors have magnitudes within 10 pm.
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Fig. 8. For an X-axis warmup, (a) displacements measured by the CSs and (b) errors of
the new method in all directions for all four targets.

5.3. Thermal drift models

Models were created for one case of simulated drift (Case 3 with
50.8 um displacements) and for one case of real thermal drift (X-axis
warmup), based on the generic model in Sec. 3. Table 1 reveals the
dominance of the positional error changes (AEx, AEy, and AEz) of
about 50 pm among the solution parameters for Model A and the

Table 1
Model parameters for simulated thermal drift from commanded three-axis displace-
ments of 50.8 pm and real thermal drift from X-axis warmup.

Model AEx AEy AE; AEx AEg AEc AExoy Aax Aay
(nm) (nm) (pm) (prad) (prad) (prad) (prad) (um/m) (um/m)

Al 50.6 50.2 46.4 24 -7.0 0.2 -14 0.4 46

B -149 36 -108  -54 12 0.2 45 -247.2 35

" Model A is the model for commanded three-axis displacements of 50.8 pm.
¥ Model B is the model for real thermal drift from X-axis warmup.

dominance of the change of X-axis thermal expansion (Aay) of about
—250 pm/m among the solution parameters for Model B. Those domi-
nant values are shown in bold text in Table 1. Because Model A is for
Case 3 with commanded displacements of 50.8 jum, the modeled dis-
placements of about 50 pm are explained. Similarly, because Model B
is for the X-axis warmup, the significant change of X-axis thermal
expansion is reasonable.

6. Conclusions

A new method is proposed to measure thermal drift in near real-
time within machine tools. A wireless microscope within a tool
holder in the spindle is used to capture videos of high-contrast tar-
gets attached to the worktable. For each target, one video is captured
during spindle rotation and another video is captured during transla-
tion. Image analysis yields the three-dimensional displacements at
each target. Experiments with simulated or real thermal drift verify
that the method measures micrometer-level tool-to-workpiece ther-
mal drift for compensation purposes.

The proposed method is fast, accurate, inexpensive, non-invasive,
and practical for industrial adoption. The microscope can be installed
in a tool-holder carousel for automated usage and the targets can be
miniaturized, even to be on the worktable sides to not affect machin-
ing setups. Future work includes improvement of the microscope
assembly for thermal insensitivity, testing with increased targets, use
of other high-contrast targets, uncertainty analysis, and integration
with machine tool controllers.
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