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A Novel Methodology for Incipient Ball Screw
Backlash Measurement Using Capacitive Sensor

Marcella Miller , Xu Han , Gregory William Vogl , Anita Penkova , and Xiaodong Jia

Abstract— Creating a reliable indicator to describe the degra-
dation of ball screws remains a challenging task. Current
vibration-based prognostic methods are vulnerable to unknown
noise or system disturbances. To address this challenge, our study
offers a new method to monitor the developing trend of incipient
backlash in a ball screw assembly using a capacitive sensor.
The suggested method for measuring backlash is noncontact
and in situ, providing direct evidence of ball screw degradation.
Furthermore, a rigorous backlash measurement model, referred
to as the path error model, is brought forward. This model
serves as the foundation for a proposed procedure for backlash
measurement. The method is validated in a run-to-failure (RTF)
experiment, and the results indicate a promising upward trend
in the backlash that agrees with the vibrational signatures.

Index Terms— Ball screw, linear motion control, predictive
maintenance, smart manufacturing.

I. INTRODUCTION

THE prognosis of ball screw degradation (or precision
loss) is a critical research topic across many industrial

applications that have stringent precision requirements, such as
high-precision computer numerical control (CNC) machining
and wafer-handling robots [1], [2], [3]. At an early stage, the
ball screw degradation is characterized by a gradual loss of
rigidity at the ball nut connection [4], [5]. Over time, this
rigidity loss develops into backlash, which refers to a small
clearance between the rollers and the raceway. As the backlash
continues to develop, it increasingly compromises operational
precision and ultimately necessitates the replacement of a
degraded component with a new one. In the context of
CNC machine tools, the acceptable backlash typically ranges
from 5 to 17 µm [6].

Practical measurements of backlash error can be accom-
plished using dial indicators [7] or optical gratings [8].
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However, both the methods are limited to detecting relatively
significant backlash (typically exceeding 2 µm), which is
important for error compensation or control. The exploration
of the developing trend of incipient backlash (≤2 µm) for
prognosis purposes is still limited, despite its potential to offer
direct evidence of system degradation.

From the perspective of degradation prognosis or predicting
remaining useful life, monitoring incipient backlash may offer
several advantages over existing methods such as preload
loss estimation [9], [10], [11] or vibration analysis [12].
The simulative study on preload loss in [13] suggests a
two-stage pattern. The first stage involves a rapid decrease
in preload at the onset of the lifecycle (roughly the first
100 operation hours). The second stage is characterized by a
gradual reduction in the preload. Under some circumstances,
the trend of preload reduction in the latter stage could be
nearly flat and thus unsuitable for health prognosis. In addition,
vibration-based health prognosis is susceptible to unknown
sources of noise or distances. In previous run-to-failure (RTF)
experiments [12], it was found that the oil debris could cause
unexplainable system vibration and thus impact the prognosis
results significantly. Therefore, this article aims to propose
a new method to monitor the developing trend of incipient
backlash in a ball screw assembly, providing direct evidence
for system degradation.

The core innovation lies in the development of a novel mea-
surement method for detecting incipient backlash below 2 µm,
while effectively mitigating the substantial positional shifts
induced by thermal expansions (approximately 15–20 µm).
The proposed backlash measurement method is noncontact and
in situ, and it offers submicrometer measurement precision.
The measured incipient backlash in the designed RTF exper-
iment indicates a clear upward trend that matches very well
with the vibrational signatures.

A. Literature Review

Backlash in ball screws refers to the axial clearance between
the rollers and the raceway that develops over time due
to system wear [4], [5]. When the ball screw reverses its
direction of linear motion, this clearance results in a brief
period of disengagement before the rollers re-engage in the
opposite direction. This momentary disengagement leads to
a minor amount of loss of movement, known as backlash
error [14]. Backlash is a significant source of machining error
and must be compensated for in high-precision machining
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operations [3], [4]. The magnitude of the backlash error is
often used to define the end-of-life of the ball screw, depending
on the intended precision requirements.

Displacement sensors, such as laser interferometers and
capacitive sensors, offer exceptionally precise position mea-
surements at submicrometer or even subnanometer scales [15].
However, determining backlash in ball screws entails more
than mere positional measurement, as backlash is discernible
only during reversal motions. It is necessary to develop a
comprehensive measurement framework to shape the assess-
ment procedure to ensure the resulting value offers a direct
measurement of backlash. The study in [8] used an optical
grating to measure the reversal error among three target points
A→B→C, where B→C is the reversal motion back to the
original position A. The detailed derivation of this three-point
model is elaborated on in the Appendix (model A1). Based
on the three-point model in [8], this article proposes to
consider the bounce error of each motion path, yielding a
better understanding of backlash modeling.

Other studies have used laser interferometers for backlash
measurements to verify simulation results under laboratory
conditions [16], [17]. However, the setup of a laser interfer-
ometer system, which includes the laser head, beam splitter,
photograph decoder, etc., is often too complex for practical
use [18]. Moreover, the thermal error, which normally con-
tributes 40%–70% of the total positioning error in a machine
tool [19], [20], is not considered in these studies. Therefore,
the development of a methodology for noncontact, real-time,
submicrometer precision, and direct measurement of backlash
remains an open area of research. A capacitive sensor was
chosen for this application for its high precision and ease of
setup. It is worth noting that capacitive sensors have been used
in machine tools to measure position errors, thermal errors,
or geometric errors [21], [22], [23]. However, to the best of the
authors’ knowledge, this is the first attempt to use capacitive
sensors for measuring incipient backlash.

The existing methods for ball screw prognosis primarily
focus on vibration analysis. Various degradation indicators
are proposed and obtained through the analysis of vibrations
to estimate preload loss [24]. For example, the vibrational
components around the ball pass frequency (BPF) under
steady-state operation (i.e., constant operation speed and load-
ing) are frequently used as an indicator to describe the preload
loss [9]. A fixed-cycle feature test is implemented in [12] to
assess vibrational characteristics under comparable operating
conditions. Another approach involves tracking the shift of
the axial natural frequency (ANF) using the transient state
vibration [10], [11]. This method simplifies the complex
relationship between the ANF and the preload into a straight-
forward empirical equation, indicating that the ANF decreases
as the preload reduces. In addition to these methods, an inertial
sensor is also used as an indirect measurement of backlash
by capturing positional shifts between positive and negative
motions [25], [26].

However, using vibration analysis for health prognostics or
the prediction of the remaining useful life presents challenges.
Theoretical analysis suggests a two-stage degradation pattern
for preload loss [13]. The first stage involves a rapid decrease

in preload at the onset of the lifecycle. The second stage is
characterized by a gradual reduction in the preload [27]. The
simulation results indicate that the trend of preload reduction
could be nearly flat in the second stage. In addition, it is
difficult to define a failure threshold without measuring the
backlash. The relationship between preload reduction and
incipient backlash development remains unknown.

B. Problem Statement

A review of the existing literature reveals that preload loss
effectively describes the initial stage of ball screw degrada-
tion; however, identifying a reliable indicator to continuously
describe further ball screw degradation, from incipient back-
lash development to a failure state characterized by large
backlash, remains a challenge. Such an indicator is crucial for
health prognosis. For example, in the case of a precision CNC
machining operation, parts may be machined out-of-tolerance
before the unmonitored developing backlash is noted. This can
lead to excessive waste of scrapped parts or expensive rework.
Wafer-handling robots that lose positioning accuracy due to
backlash errors may crash, causing damage to the wafers and
other highly sensitive equipment and disrupting upstream and
downstream processes. Instead, by monitoring the developing
backlash trend, operators and management can take action to
correct the backlash and replace the degraded ball screw before
a failure incurs extensive time and resource costs.

Therefore, this article presents a new method to measure
the incipient ball screw backlash using a capacitive sensor.
The measured backlash is expected to have submicrometer
precision, and it can be used as direct evidence for early-stage
ball screw degradation. The major novelties of the work
are summarized as follows: 1) rigorous backlash measure-
ment models are derived. The expectation and variance of
the proposed measurement model are justified theoretically;
2) based on the theoretical analysis, a measurement routine
is subsequently established. Novel strategies are developed to
overcome the large position error induced by the thermal state
of the ball screw; and 3) an RTF experiment is performed
to verify that the measured incipient backlash can serve as a
reliable indicator for early-stage ball screw degradation.

II. METHODOLOGY AND DESIGN OF EXPERIMENTS

A. Testbed Design for Backlash Measurement

Fig. 1 shows the experimental linear axis testbed used for
this investigation. The linear axis was fixed on a concrete slab
weighing approximately 1700 kg (3800 lbs.). The ball screw
motor rotates to move the carriage along the X -axis. Two
guideways, one on either side of the ball screw, contact four
trucks with bearing balls to constrain the carriage to undergo
nominally linear motion. The total useful length of the screw
is just over 450 mm, and the pitch is 10 mm. To degrade
the system, the carriage runs continuously, and the carriage is
loaded with 100 kg (220 lbs.) of steel weights to accelerate
the degradation process.

A Micro-Epsilon capaNCDT CS05 capacitive sensor (Fig. 1
inset) with a nominal sensitivity of 50 µm/V and a range of
0.5 mm is fixed at the motor side of the system to measure the
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Fig. 1. Ball screw test bed used for experiments.

Fig. 2. Linear positions for the test bed setup.

position of the steel weights. The capacitive sensor measure-
ment system also includes a Micro-Epsilon DT6110 oscillator,
demodulator, and preamplifier signal conditioning box. Two
triaxial accelerometers with a nominal sensitivity of 100 mV/g
are epoxied to the ball nut, and an inertial measurement unit
(IMU) identical to the one used in [25] is attached on top of
the steel weights. Data from these sensors, as well as the speed
and torque data from the controller, are collected throughout
axis degradation.

To keep a consistent home position, the zero position is
reset at a capacitive sensor reading of 7.5 V (375 µm from
the face of the sensor) when the system is in a cold state.
For all the motions, a 100-µm buffer is maintained between
the sensor and the carriage load. During measurements, the
operation range of the carriage may exceed the sensor mea-
surement range, as shown in Fig. 2, but the significant axis
positions at N, 0 µm, and P (described in more detail in
Section II-B) are within the measurable range. Fig. 2 shows
the relevant carriage positions for the linear axis experiments.

B. Proposed Method for Backlash Measurement

The backlash studied in this work can be considered a
“reversal error.” As a linear positioning system degrades and
preload is lost, gaps form between the bearing balls and the
grooves of the ball screw. Since the reversal error can only
be observed after a change in direction, two position mea-
surements are required to produce one backlash calculation.
A comparison of the measurements from before and after
the reversal gives insight into the error accumulated from the
reversal of motion.

Two methods for backlash measurement are proposed.
Method A is called a “five-point model with bounce error,”
and it is an improvement over the measurement model pro-
posed in [8]. Method B is named a “path error model with
bounce error.” Instead of calculating the difference between

Fig. 3. General measurement procedure for method A with measurement
examples from the RTF at 0 operation hours and at 1875 operation hours.

two measurement points, this model considers the path error
caused by backlash, and an unbiased estimate of backlash can
be obtained. Another difference between these two methods
is the number of steps involved. In method A, the direc-
tion reversal occurs between measurement steps, while the
direction reversal and measurement steps are simultaneous in
method B. The reversal steps in method A do not need to
remain within the measurement range of the capacitive sensor
(see dashed line in Fig. 3) because they are not part of the
testing, which may be useful in maintaining randomness in
the measurements. However, there is a greater opportunity for
unwanted error accumulation to occur since method A has
additional steps.

1) Method A: Five-Point Model (Model A3 in the
Appendix): For method A, the capacitive sensor takes
measurements around the home position of 0 µm. One mea-
surement, labeled 0−, is obtained by approaching zero from the
negative direction, and the other, labeled 0+, by approaching
from the positive direction. Each measurement is obtained by
averaging 10 s of stationary capacitive sensor data. Fig. 3
shows a comprehensive procedure for a single measurement
using method A, including the detailed view of the actual
capacitive sensor readings for a new ball screw at zero
operation hours and a degraded ball screw at 1875 operation
hours. When only the initial level of backlash error exists
in the system, as shown in the detailed view of Fig. 3
for zero operation hours, the measured positions 0− and 0+

closely align with the commanded motion profile, exhibiting
minimal error at 0.073 and 0.234 µm, respectively. In systems
experiencing the onset of backlash, as depicted in the detailed
view of Fig. 3 for 1875 operation hours, there is a deviation
in the measured positions from the commanded positions,
recorded at −1.120 and 0.800 µm.

The backlash for method A, MA, can be calculated by (1).
Method A is model A3 in the Appendix, where the detailed
derivation can be found. Note that E[MA] is the expected
value, V [MA] is the variance, and b is the backlash

MA = 0+
− 0−

= b

E[MA] = b, V [MA] = 0. (1)

Authorized licensed use limited to: NIST Virtual Library (NVL). Downloaded on March 13,2025 at 01:52:58 UTC from IEEE Xplore.  Restrictions apply. 



1004209 IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. 74, 2025

Fig. 4. General measurement procedure for method B with one measurement
example from the RTF at 1875 operation hours.

This method can be implemented repeatedly to obtain
multiple consecutive measurements. To acquire an accurate
backlash reading for any given system state, 20 individual
measurements (five sets of four) are collected and averaged.
Before each set, a large, randomizing step is performed: the
system moves to 20 mm and then returns to the home position.
Although the expectation of the measurement is equal to the
backlash, the variance of the model is zero, which is too ideal.

2) Method B: Path Error Model (Model B2 in the
Appendix): Method B uses two different positions, P and N,
for measurements that are symmetrically distributed around
the home position. One measurement, denoted P’, is taken at
the positive position, and the other, denoted N’, at the negative
position. Fig. 4 shows the procedure for a single measurement
using method B for a degraded ball screw at 1875 operation
hours.

Unlike method A, which calculates the difference between
points around the home position, method B calculates the
path error, which offers an unbiased estimator of the backlash.
In Fig. 4, the difference between P and N is considered the
commanded path, while the actual path is between P’ and N’.
The measured motion loss caused by the backlash for method
B (MB) can be calculated by (2). Detailed derivations can be
found in the Appendix for model B2

MB = (P − N ) −
(
P ′

− N ′
)

= b − eB + eC

E[MB] = b, V [MB] = b2/6. (2)

This method can be implemented repeatedly to obtain
multiple consecutive measurements. The expected value of the
measurements is an unbiased estimator for the backlash with
variance b2/6. For method B, one large, randomizing step is
performed before 15 measurements are collected and averaged
for each system state.

C. Mitigating Thermal Effects

Thermal expansion has a significant effect on the measured
positions in the system. As the ball screw operates at higher
speeds (i.e., on the order of mm/s), thermal expansion occurs,
which affects the measured positions. The thermal-expansion-
induced positional shift observed in this experiment exceeds
15 µm, whereas the targeted incipient backlash measurement
is less than 2 µm. Therefore, it is important to measure the
backlash under the same thermal state to obtain consistent
measurements of the incipient backlash.

Fig. 5. As the system warms up, the absolute measured position values
for (a) method A show an increasing trend over time. The backlash values
in (b) are calculated using the relative difference between two corresponding
measurements.

To study the impact that thermal expansion has on the
backlash measurement procedures, two short experiments were
conducted: one for system warm-up and one for system cool-
down. For the warm-up test, method A backlash data were
collected for 2 min, and the ball screw was then run at high
speed and acceleration for 1 min to warm the system. This was
repeated for 2 h until the system reached thermal equilibrium.
Fig. 5(a) shows the absolute position values measured during
the test, and Fig. 5(b) shows the backlash values calculated
from these measurements. The absolute position changes by
up to 20 µm. In contrast, the calculated backlash, which
is a relative calculation based on two consecutive paired
measurements, is less affected by thermal expansion. Over the
course of the warm-up period, the backlash value changes by
about 0.07 µm, and after a brief downward trend, the backlash
values reach a relatively steady state.

Similarly, a cool-down test is conducted, and method A
backlash measurements are taken continuously for 3 h while
the system cools down. Over the duration of this experiment,
the absolute positions measured by the capacitive sensor again
drift by approximately 20 µm while the measured backlash
values change by a smaller value (around 0.1 µm). Note
that the measured position gap between paired 0− and 0+

measurements that is evident in the detailed view inset of
Fig. 5(a) is dominated in the full view plot by the thermal
trend. These two experiments indicate that the developed
backlash measurement methods are resilient to large absolute
position changes caused by thermal expansion in the system.
Depending on the application industry, the thermal-induced
position variation will be larger than the level of backlash that
constitutes a system failure, but the calculated backlash values
will be within a much smaller range.

For each condition of the RTF experiment, data are collected
for all four combinations of two thermal states [cold or
transient (i.e., cooling down)] and both the methods (A and
B). For each combination, 15–20 backlash measurements are
averaged to produce an estimated mean and standard deviation
for the backlash at that degradation state.

Authorized licensed use limited to: NIST Virtual Library (NVL). Downloaded on March 13,2025 at 01:52:58 UTC from IEEE Xplore.  Restrictions apply. 



MILLER et al.: NOVEL METHODOLOGY FOR INCIPIENT BALL SCREW BACKLASH MEASUREMENT 1004209

Fig. 6. RTF experiment alternates between a degradation mode comprised of
realistic operation profiles and a data acquisition mode to capture the current
degradation state.

D. Fixed Cycle Feature Test and RTF Experiment

To observe the development of backlash, a new linear
positioning system was operated to degrade the system to
the point of failure. During this RTF experiment, the system
was operated in two different modes, as shown in Fig. 6.
One mode consisted of realistic operation profiles meant to
accelerate the degradation of the system, and the other entailed
specific data collection strategies for monitoring backlash
trends. No lubrication was applied throughout the duration of
the experiment to further accelerate the failure.

For the degradation mode, the linear axis was continuously
run back and forth with a centered 220-mm-long stroke
between 110 and 330 mm (relative to the zero position) with a
maximum acceleration magnitude of 9.807 m/s2 and a nominal
maximum speed of 400 mm/s. For each movement, one of
the five preset “jitter” patterns was incorporated, in sequence,
into the motion as well. For brief and varied lengths of time,
while the system was in motion at 400 mm/s, the set speed
dropped to between 25% and 75% of the nominal speed
before returning to the initial speed. This irregular movement
represents the standard operation of a linear axis in industry.

Every three days, the degradation mode is paused, and sev-
eral sets of data are collected to capture the new degradation
state of the system. Vibration and IMU data are collected
following the motion profiles described in [25]. This ancillary
data can be used to generate indirectly measured backlash
trends or estimates. Methods A and B capacitive sensor back-
lash data are also collected during this pause in degradation.
After the system cools fully while paused, the home position
is reset, and the degradation pattern resumes.

The RTF experiment sequence covers the complete thermal
cycle of the system. For backlash data measurement, the
thermal load on the system is minimal, so the system will trend
toward (or maintain) a cool state. For other motion profiles,
the thermal load on the system increases, and the system
trends toward (or maintains) a warm state. The thermal cycle
is repeated multiple times throughout the RTF experiment.

The structure of the RTF experiment is intended to mimic
practical, real-world applications of backlash measurement
for a ball screw system in a production environment where
operation is nearly constant. The system degradation pat-
tern represents normal operation requirements for the ball
screw mechanism. During any scheduled pause in production,

Fig. 7. Individual capacitive sensor position measurements for all measure-
ment types at around 1070 operation hours.

backlash measurements can be acquired to monitor the health
of the system in situ and at the submicrometer level with
minimal disruption.

While methods A and B procedures can theoretically be
used with different sensors or tools, other traditional methods,
such as dial indicators, do not allow for the same level of
precision in measurements and are therefore not as useful
for detecting incipient backlash in high-precision operations.
In addition, dial indicators typically have a larger footprint
than capacitive sensors and may not be able to remain in place
during regular operation, which means additional steps for
adding and removing the measurement tool from the system
must be taken to collect backlash data. This longer process
is not as suitable in real-world scenarios. While an optical
grating can offer the same precision as a capacitive sensor
and is useful for laboratory-based applications, it is a more
expensive, more complex system. The additional cost is not
practical for a production environment where many assets may
need to be monitored simultaneously. Overall, the capacitive
sensor provides a good balance of cost, precision, and ease of
use, and experimental data can confirm the utility of backlash
measurements using the developed methods.

III. RESULTS AND DISCUSSION

Sample results from around 1070 operation hours are shown
in Figs. 7 and 8. Fig. 7 shows the paired position measurement
values for all four measurement types. As seen in testing,
the transient (cool-down) values for method A show large
deviations from 0 µm due to thermal effects. As the system
cools, the values trend back toward the true home position.
Method B transient values also trend downward toward the
expected measurement positions at −20 and 20 µm, but this
trend is less significant than the one seen for method A.

The more extreme variation seen in method A transient data
is because the most significant cooling happens in the early
stages of method A (around the first 10 min). The second
half of method A data and method B measurements that
follow all experience continually decreasing cooling effects.
Methods A and B cold state data show similar, but less
distinct, opposite trends. Although the backlash patterns do
not warm the system on the same scale as the high-speed
patterns, they do produce a slight warming effect on the
positions measured by the capacitive sensor. Over the course
of method A cold measurements, the thermal expansion causes
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Fig. 8. Calculated backlash measurements for all measurement types at
around 1070 operation hours.

TABLE I
STANDARD DEVIATION (IN MICROMETERS) OF POSITIONS AND

BACKLASH AROUND 1070 OPERATION HOURS

the absolute home position to drift by approximately 0.3 µm.
This position shift is maintained for method B measurements.

As expected, the effects of position drift due to thermal
expansion are not as pronounced for the relative backlash
calculations (Fig. 8) as they are for the absolute position
measurements. For position shifts of approximately 15 µm for
method A transient, the calculated backlash values vary from
the corresponding cold values by an average of about 0.18 µm.
In addition, as the system cools, the calculated transient values
approach the cold state value. In both the method A and
method B cases, the cold backlash values are larger than the
corresponding transient backlash values, which again follows
the observations made in thermal testing.

The effects of thermal expansion are also evident in the
standard deviations for each set of measurements. For individ-
ual positions, the transient measurements have higher standard
deviation values than the corresponding cold measurements,
as shown in Table I. These absolute positions show significant
deviations that are on the order of the expected incipient
backlash measurements; however, since a major source of
deviation is thermal expansion rather than random error, the
paired 0+/0− and P’/N’ measurements are highly correlated.
The developed methods exploit this correlation so that the
standard deviation of the relative backlash values for each
measurement is, in most cases, an order of magnitude less than
the standard deviation for the absolute position measurements.

For method B in both the cold and transient states, the first
calculated backlash value appears to be an outlier as it is
notably larger than the remaining 14 backlash values in the
set. Calculations in Table I and results in Fig. 9 therefore
consider only the final 14 measurement sets with the initial
outlier value excluded. Furthermore, a very slight downward
trend is observed across all 15 backlash values. Both these
characteristics are likely tied to the large randomizing reset
step that is taken prior to the measurements. The first backlash
value, which occurs immediately after the reset step, is the
largest. After this, successive measurements incorporate very

Fig. 9. Backlash measurement results obtained during the RTF experiment
using methods A and B. Each measurement method is applied to the system in
a cold state and in a transient state (cooling down from a warm state) to study
the effects of thermal expansion. The length of each error bar is 1 standard
deviation (centered about the mean value) of all measurements taken for each
degradation and thermal condition.

small motions (40 µm of movement between −20 and 20 µm),
so the system may get stuck in a local equilibrium that
minimizes the true extent of backlash in the system. This can
also explain why, on average, method B measurements are
lower than method A measurements: method A movements
cover 550 µm and incorporate more frequent randomizing
reset steps.

The average backlash values measured for each method and
thermal condition at progressive degradation levels are shown
in Fig. 9. The trends for method B and transient method A
are all similar. During the initial stages of degradation, the
backlash values remain low (less than 0.1 µm) and fairly
constant. This aligns with expectations. In the beginning stages
of operational life, the ball screw system is still preloaded to
maintain rigidity and precise motion control. While preload
exists, the backlash value should be very close to zero. Once
preload loss starts, the backlash value will slowly increase as
the system degrades.

Method A cold data do not match this trend as clearly,
and the backlash values start to increase immediately without
an initial period of preload loss. This is possibly due to the
additional steps taken to complete the method A measurement
procedure, as discussed previously. As error accumulates at
each step, the measured backlash value diverges from the true
backlash present in the system. This effect is less notable for
the transient method A data because the transient state of
the system typically shows smaller backlash values overall.
Despite the deviation in trend from expectations, method A
cold data still pick up a gradually increasing backlash value
that can be a relative indicator of degradation development.

As seen previously, the standard deviation of backlash
for method A transient (0.066 µm on average) is larger
than the standard deviations for the other three methods
(0.019–0.024 µm on average). While methods A and B
backlash procedures are able to reduce the extreme effects of
thermal deviations, the experimental results confirm that ther-
mal effects do play a role in backlash measurement and need
to be carefully considered for incipient backlash detection.

Ultimately, after around 1800 operation hours, the backlash
of the system is about 0.5 µm, depending on which backlash
trend is considered. Although the experiment would ideally
continue until backlash has developed to a greater extent (at
least 10 µm), this system experienced an unexpected and
sudden early failure due to test bed contamination, and the
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Fig. 10. Method B cold state backlash measurement compared with the BPF
feature.

backlash values immediately following those shown in Fig. 9
jump to between 40 and 50 µm. Future RTF experiments
will follow the more gradual degradation trend of backlash
development, since the cause for the contamination has been
eliminated.

Both the proposed backlash methods are theoretically
expected to produce an unbiased estimate of the backlash
measurement (E[MA] = E[MB] = b from (1) and (2));
however, based on the experimental results, the trends pro-
duced by method B measurements seem to match expectations
more consistently than method A. Method A incorporates
five motions (start, reset, 0−, reset, and 0+) during which
errors can accumulate, while method B incorporates only three
motions (reset, P’, and N’). Method A trends do provide a
useful general indicator of system health, but given the results
of the RTF experiment, the authors recommend that method
B measurement procedures are used for monitoring incipient
backlash degradation.

Finally, direct backlash measurement from the method B
cold system is compared with indirect methods. First, the
component of vibration at the BPF of the ball screw is
extracted from the vibration data at each stage of degrada-
tion. In Fig. 10, the vibration trend and measured backlash
trend show similar characteristics as backlash develops in the
system. This confirms that indirect measurement methods can
be used to predict the relative development of ball screw
degradation, but the vibration trend does not quantify the exact
level of backlash in the system. Second, a correlation-based
method to estimate the backlash via the perceived ball screw
pitch [25] yields the presence of incipient backlash (≤2 µm)
until the backlash value immediately following those shown in
Fig. 9, which aligns with the results from method B. Therefore,
vibration-based and other indirect methods can be used for
incipient fault detection when the system is operating under a
steady state.

IV. CONCLUSION AND FUTURE WORK

This article explores two different methods of measuring
backlash using a capacitive sensor. The measured values are
explored for the system in a cold state and in a transient state.
Although the measurement procedure can overcome large
changes in position due to thermal effects, the backlash values
measured on a warmed system during cool-down (a transient
state) are less than those measured on a cold system. There-
fore, the thermal condition should be carefully considered
during backlash measurement, and comparative measurements
should be taken for systems of the same relative thermal state.

Based on the results of the RTF experiment, method B mea-
surements most consistently match the expected degradation

Fig. 11. Backlash measurement models. (a) Model A1: three-point model,
(b) model A2: three-point model with bounce error, (c) model B1: path error
model, and (d) model B2: path error model with bounce error.

trends. For future experiments, the accuracy of the magnitude
of backlash for method B could be improved by increasing the
step size and/or incorporating additional randomizing steps.
The results also suggest that the errors accumulated during
method A measurements may skew the ultimate backlash
calculations. While method A already incorporates larger
step sizes, and the extracted backlash trend is still useful
as a general reference, the systematic errors present in the
method A procedure should be further studied to improve the
results. Finally, future experiments can explore other potential
influences on capacitive sensor measurement outputs, such
as ambient temperature and sensor position, to further assess
the capabilities of the developed sensor system and backlash
measurement method.

Overall, the presented methods can successfully detect
the development of initial backlash in ball screws of linear
positioning systems. The test procedures consider thermal
effects and produce backlash measurements with submicrom-
eter precision. Future testing and modification of the methods
based on insights gained from this investigation can confirm
the utility of a capacitive sensor-based backlash measurement
system for monitoring critical assets in industrial applications.

APPENDIX

Prior Assumptions: The initial position has a random
clearance 1 ≈ U [0, b] between the roller and left-side groove;
b denotes backlash; the commanded length of motion is d.

Derivation of model A1 (Three-point model without
bounce error); see Fig. 11(a):

A = 0
B = d − 1, 1 ≈ U [0, b]

C = B − (d − b) = b − 1. (3)

Backlash measurement M : M = C − A = b − 1

E[M] = b −
b
2

=
b
2
, V [M] =

b2

12
. (4)

E[M] in model A1 indicates forward error accumulation
after multiple cycles, which is invalid because the machine
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Fig. 12. Illustration of bounce error in model A2. (a) Random initial
condition. (b) Random end position of the roller at B ′ with bounce error
eB . (c) Random end position of the roller at C ′ with bounce error eC .

should be repeatable. To fix this, we add a negative path,
as indicated by the dotted line from C to E in Fig. 11(a).
The 1 in the measurement will be canceled by the negative
path. The basic idea for model A3, referred to as the five-point
model, is based on the inclusion of a negative path. Another
solution, explored in model A2, is adding a bounce error.

Derivation of model A2 (Three-point model with bounce
error): model A2 is established by introducing a bounce error
to model A1, where eB = B − B ′, eB ≈ U [0, b], eC = C ′

−

C, eC ≈ U [0, b], and b denotes the backlash; see Fig. 12

A = 0
B = d − 1

B ′
= B − eB = d − 1 − eB, eB ≈ U [0, b] (5)

C = B ′
− [d − (b − eB)] = b − 1 − 2eB

C ′
= C + eC = b − 1 − 2eB + eC , eC ≈ U [0, b]

M = C ′
− A = b − 1 − 2eB + eC

E[M] = 0, V [M] = 4 ×
b2

12
=

b2

3
. (6)

Different from model A1, E[M] in (7) indicates no error
accumulation after repeating the operation multiple times. It is
important to include bounce error in the model.

Derivation of model A3 (Five-point model): model A3 is
established by mirroring the forward path of model A1 in the
negative direction. Following the same derivation procedure as
in model A1, the backlash model A3 is shown in (8).

M = C − E = b

E[M] = b, V [M] = 0. (7)

Despite the imperfection of the hypothesis in model A1,
the measurement M = C − E in model A3 indicates that this
method can be used to measure the backlash.

Derivation of model B1 (Path error model without bounce
error): Instead of a point estimate, model B1 considers the
path error (P − N ) − (P ′

− N ′) where P − N denotes the
ideal length of the path and P ′

− N ′ denotes the actual length
that is measured by the capacitive sensor

A = 0
N ′

= B = −d + b − 1 (8)

P ′
= C = d − 1, 1 ≈ U [0, b]

M = (P − N ) − (P ′
− N ′) = b. (9)

Model B1 provides an unbiased estimate of the backlash.
Derivation of model B2 (Path error model with bounce

error): model B2 introduces bounce error to model B1

A = 0
B = −d + b − 1 (10)

N ′
= B ′

= −d + b − 1 + eB, eB ≈ U [0, b]

C = d − 1 − 2eB

P ′
= C ′

= d − 1 + 2eB − eC , eC ≈ U [0, b]

M = (P − N ) −
(
P ′

− N ′
)

= b − eB + eC

E[M] = b −
b
2

+
b
2

= b, V [M] =
b2

6
. (11)

NIST DISCLAIMER

Certain commercial equipment, instruments, or materials
are identified in this article to specify the experimental
procedure adequately. Such identification is not intended
to imply recommendation or endorsement by the National
Institute of Standards and Technology, nor is it intended
to imply that the materials or equipment identified are
necessarily the best available for the purpose. This material
is declared a work of the U.S. Government and is not subject
to copyright protection in the United States. Approved for
public release; distribution is unlimited.
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