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Estimation With Threshold Sensing for Gyroscope Calibration
Using a Piezoelectric Microstage
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Abstract— A sensing estimation scheme is presented that
combines analog and threshold sensing on a piezoelectric
microactuator for calibration of microscale inertial sensors. Using
a variation of the Kalman filter, an asynchronous threshold sensor
improves state estimates obtained from less reliable analog sensor
measurements of microactuator motion. The resulting velocity
estimates are compared with estimates without threshold sensing,
and related to feasible calibration performance for gyroscopes.
Results show that incorporating threshold sensors in a projected
low-noise environment based on capacitive sensing will produce
high-accuracy velocity measurements at certain fixed angles, with
an approximately 80% reduction in angular velocity estimation
error. Experimental testing with noisier, more variable piezoelec-
tric sensing shows improved estimation accuracy at all velocities
and positions when threshold detections are added. In simulation,
the addition of feedback control is shown to further improve
estimation accuracy.

Index Terms— Calibration, estimation, inertial sensing,
Kalman filters, microactuators, piezoelectric actuators.

I. INTRODUCTION

THIS brief describes an estimation scheme combining
analog and threshold sensing to perform high-accuracy

velocity estimation for a piezoelectric microactuator, for use
in on-chip microelectromechanical system (MEMS) gyroscope
calibration. MEMS gyroscopes have demonstrated excellent
sensitivities, good linearity, and reasonable noise characteris-
tics in a number of small low-power form factors. However,
long-term gain and bias drift [1] are large, on the order of
10 000 ppm or more. This prevents use in long-term, inertial-
grade applications, such as navigation, where accuracies of
100 ppm or better are required [2]. As a result, various
calibration methods have been proposed for MEMS gyro-
scopes. One approach to such calibration is to carefully model
inertial measurement unit (IMU) sensitivity to factors, such as
temperature, humidity, and other operational parameters, and
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Fig. 1. (a) Piezoelectric microstage prototype to be used in gyroscope
calibration. (b) Actuator input and output signals.

use a model to predict gain and bias changes, possibly with
additional use of higher order or nonlinear dynamic behavior.
Gyroscope gain accuracies on the order of a few hundred
parts per million have been demonstrated by self-calibration
using temperature [3] or self-excited coriolis forcing [4]. These
approaches require minimal change to gyroscope hardware,
but any given model of such detail is limited to a specific
sensor design.

For more general calibration of an arbitrary MEMS gyro-
scope, some external stimulus must be applied. In a labo-
ratory setting, a rate table can provide various well-defined
angular rates, sometimes known as continuous calibration, or
angular positions, known as multiposition calibration, to a
gyroscope [5], [6]. Various methods have been proposed for
extending such methods to field calibration. For continuous
calibration, Kalman filtering techniques [2] and genetic algo-
rithms [7] have been proposed to compensate for uncertainty
about stimulus and frames of reference from a moving vehicle
or gimbal, respectively. For multiposition calibration, which
is more often proposed, a variety of techniques have been
proposed for choosing inertial sensor orientations and refer-
ence stimuli and addressing uncertainties [8], [9]. However,
neither the long duration velocity stimulus nor the large rota-
tional displacements required by the above methods are easily
achieved by a self-contained microsystem, and calibration
duration is generally long, on the order of several minutes to
an hour. Furthermore, fully realized experimental results are
still limited, with calibration accuracies typically on the order
of 1000 ppm.

This brief proposes a novel sensor configuration and associ-
ated estimation scheme for a piezoelectric microactuator that
would allow the actuator to approach some functionalities of
a rate table. As a variety of commercial or research-grade
gyroscopes could be assembled to the piezoelectric actuator,
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this approach potentially adds complexity to an inertial
measurement system, but the resulting calibration system
could potentially be applied to a wide variety of MEMS
inertial sensors. The piezoelectric actuator, shown in Fig. 1(a),
is capable of applying 3-axis translation and 3-axis rotation
to a gyroscope or accelerometer payload. It is an advanced
version of an actuator developed by Aktakka et al. [10].
If an IMU is mounted on the central platform of the actuator,
precise estimates of motion applied to the IMU would not only
generate calibration curves, but would also allow identification
of cross-axis sensitivity, though the present work examines
only motion estimation in a single axis.

The sensing and estimation scheme described in this
brief attempts to address the critical challenge of measuring
piezoelectric stage motion with sufficiently high accuracy to
perform gyroscope calibration. As most on-chip MEMS sen-
sors, such as capacitive, piezoelectric, or piezoresistive sens-
ing elements, are subject to the same sources of drift as
MEMS gyroscopes, they may not in general be reliable for
improving gyroscope performance. Addition of high-precision
threshold sensors that indicate specific piezoelectric actuator
positions with exceptionally high accuracy, though they are
unable to provide other positioning information, is explored
as a solution to this problem. The associated estimation
scheme revises a Kalman filter at threshold sensing events
to improve estimates from analog capacitive or piezoelectric
sensors. The theoretical approach is inspired by Astrom [11],
who used a Kalman filter in an ad hoc estimation scheme
when a sensing event occurred, though the current work
derives the modified Kalman filter implementation specifi-
cally for discrete time implementation with potentially limited
sampling rates, which have significant influence on esti-
mator performance. Related approaches have also treated
threshold sensor measurements as discrete events [12], [13].
An alternate approach is to assume the sensor noise to be state
dependent [14], [15], but this does not effectively reflect
knowledge available from the proposed on-chip sensors, while
the authors have previously examined piezoelectric actuator
control with a small number of analog sensor measurements
in [16], but these measurements occurred at fixed times in the
sampling process.

II. SYSTEM DESCRIPTION

Over the period of time in which a proposed calibra-
tion takes place, the system to be controlled is taken to
have linear, time-invariant dynamics, discretized at sampling
rate Ts

xp(k + 1) = Apxp(k) + Bpu(k) + Bw(w(k) + d(k)) (1)

where x is system state vector and Ap and Bp are state and
input matrices, respectively. It is assumed that both random,
w and periodic, d , disturbances are present, acting through
matrix Bw . Random disturbance w(k) is assumed to be zero-
mean, white, and Gaussian with covariance matrix Q. For the
operating environment of the target piezoelectric calibration
stage, d(k) is taken to be an unknown periodic disturbance
within a bounded frequency range and amplitude.

The specific multidegree-of-freedom piezoelectric
microactuator being studied is nominally modeled as six
uncoupled linear systems, corresponding to the underdamped
motion in each of the six axes of motion (three translation and
three rotation), its first six vibration modes. For the purposes
of evaluating estimator design, a single degree of freedom is
regulated and modeled as a second-order, underdamped linear
system.

Due to the use of piezoelectric actuation in the target
microactuator, there is mild hysteresis in the input, u(k).
While this is not explicitly considered during estimator design,
a hysteresis model was implemented for simulations studies,
converting a nominal control input unom, into

u(k) = unom(k) + sign(u̇nom)δu (2)

where δu is a hysteresis offset. This is not intended to be
a rigorous description of hysteresis, but to ensure that a
perturbation of comparable size is present during simulation
studies.

A. Sensing Signals

The system is assumed to have two sensor signals available
for use in position and velocity estimation, both of which are
linear functions of the states. The first signal is an analog
sensor available at all controller sampling times

yp = Cpxp + v (3)

where Cp is an output matrix in state-space form and v is
white, random, Gaussian sensor noise with variance R.

In the piezoelectric microstage, the most practical sources
of this signal are piezoelectric sensing from the actuator legs,
used in the prototype system, or capacitive sensing from
electrodes on the bottom surface of the actuator and the
surface underneath. Cp is assumed to be imperfectly known,
as there may be scale errors due to factors such as temperature
change.

The second sensor is a threshold sensor that indicates the
time at which a specific measure of system states (typically
a specific position) occurs. This event is taken to be recorded
using a clock operating N times faster than the sampling time
for control at period Tt , or

Tt = Ts

N
. (4)

The threshold sensor output measure, yt , is a linear combi-
nation of the states described by output matrix Ct

yt = Ct xp (5)

that experiences a threshold detection event when crossing
a known threshold level, yt0. Ct may or may not be the
same measure of the states as produces continuous output yp.
If a threshold crossing is detected during the N clock timer
increments between two measurements of continuous out-
put yp , the threshold crossing time, nt ∈ (0, N), is recorded.
For example, for yt increasing nt is defined by

yt (nt − 1) ≤ yt0 < yt (nt ). (6)
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Fig. 2. Symmetric capacitive sensing electrodes (top) generate stable peak
capacitance values even in the presence of nonideal off-axis motion or
sensor gain errors, as shown in geometric and FEA of a sample electrode
geometry (bottom).

The threshold crossing location is taken to be perfectly
known, unlike the gains in the system. This may be achieved,
for example, by detecting peak capacitance between sets
of electrodes that are symmetric about the center of the
microstage in rotation. One such electrode geometry is
shown in Fig. 2, which shows capacitance versus angle for
a symmetric array of electrode sectors as calculated from
geometric and finite element analysis (FEA) models. At the
critical angle (for the design shown in Fig. 2, 0°), electrodes
overlap perfectly, and the capacitance reaches a maximum
value. This occurs in both an ideal geometric model and
when accounting for fringe field effects in FEA, though
fringe effects reduce capacitance sensitivity. While absolute
capacitance may vary with environmental changes, the location
of the maximum is insensitive both to changes in the gap
between electrodes and, due to symmetry, to off-axis motions
such as tilt. In such a sensing scheme, threshold events are
also available for crossings during decreasing yt , and multiple
sensors can be used to detect multiple threshold crossings.
The only information required by the estimation algorithms
is that when the threshold value is crossed, the value for nt

recorded is assumed to correspond exactly to the time at
which yt (t) = yt0. In other words, threshold sensing is per-
formed in open loop with an accuracy equal to the resolution
of the clock.

III. ESTIMATOR DESIGN

A. Sensing Strategy 1 (Kalman Filter Without
Threshold Sensor)

Three strategies are compared for estimating the states of the
system. In the first strategy, an analog position sensor alone is
used. States are estimated based on noisy measurements from

the sensor using a standard Kalman filter

x̂p(k+1)= Apx̂c(k) + Bpu(k) (7)

P(k+1)= ApZ(k)A′
p + BpQB′

p (8)

x̂c(k+1) = x̂p(k+1) − P(k+1)C′
p(CpP(k+1)C′

p+R)−1

×(Cp x̂p(k+1) − Cp x̂p(k+1)+v(k+1)) (9)

Z(k+1)= P(k+1) − P(k+1)C′
p(CpP(k+1)

×C′
p +R)−1Cp P(k+1)

with x̂ indicating a priori state estimates, x̂c indicating
a posteriori corrected state estimates, and P and Z being
a priori and a posteriori error covariance matrices.

B. Sensing Strategy 2 (Kalman Filter With Threshold Sensor)

In the second strategy, both an analog sensor and one
or more threshold sensors are considered to be available.
States are estimated using Kalman filter equations based
on measurements of yp at all sampling instants as in (7).
At sampling instants just after threshold sensor crossings, state
estimates are modified by inserting an additional time step into
the Kalman filter between the original sampling instants.

Consider a sample period in which a threshold crossing is
detected. Let k− denote the slow-sampled time step before the
crossing is detected, k+ denote the time step after the crossing
is detected, and kt denote the new time step occurring at the
threshold detection, or

k− < kt = k− + nt

N < k+ . (10)

In this notation, though kt is not an integer, it serves to mark
a discrete time point between the ordinary sampling instants.

Then, let A− and B− be the dynamic state matrices of
the system discretized with a sampling time equal to the
time between k− and the threshold detection, Tt nt , and
A+ and B+ be the dynamics matrices of the system discretized
with a sampling time of the remainder of the standard sampling
period, Ts − Ttnt . Using these matrices, state estimation x̂(kt )
and covariance P(kt) at the threshold crossing time is

x̂(kt ) = A−x̂c(k
−) + A−u(k−) (11)

P(kt) = A−Z(k−)A−′ + B−QB−′
. (12)

Using the threshold level yt0 in (7) are modified to obtain a
posteriori estimates at kt , x̂c(kt ) and Z(kt )

x̂c(kt ) = x̂(kt ) + P(kt)C′
p[CpP(kt)C′

p]−1(yt0 − Cp x̂(kt ))

(13)

Z(kt ) = P(kt)C′
p[CpP(kt)C′

p]−1CpP(kt). (14)

After obtaining a posteriori estimates at the threshold cross-
ing time, these estimates can be used to obtain its a priori
estimates for the k+ time step

x̂p(k
+) = A+x̂c(kt ) + B+u(k−) (15)

P(k+) = A+Z(kt )A+′ + B+QB+′
. (16)
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Fig. 3. Sample time response showing reference trajectory, actual trajectory,
state estimation based on analog sensing alone, and estimates with threshold
sensing.

C. Sensing Strategy 3 (Smoother With Threshold Sensor)

During calibration tasks, the entire time series of data may
be stored to improve state estimates using a Kalman smoother.
At the end of each reference period, the last threshold cross-
ing time is determined. Using the state estimates from the
threshold crossing time, estimates of the previous states were
improved using Kalman smoother equations (17) according to

x̂T (k) = x̂(k) + Z(k)A′
p[P(k + 1)]−1 (17)

×(x̂T (k + 1) − x̂(k + 1)) (18)

where x̂T represents the improved Kalman smoother estimates.
A similar approach was used in [17].

IV. SIMULATION RESULTS

Control and estimation schemes were tested in simulation
to evaluate the relative importance of threshold sensing for
microstage angular position estimation under various sampling
and control settings. Basic observations on estimator perfor-
mance are described in this section, while a discussion related
to other calibration techniques is provided in Section VI.
In numerical simulation, the threshold crossing is checked
at each time instant of the regularly sampled (slow-sampled)
plant dynamics. Whenever a threshold crossing is sensed, the
threshold sensor loop is initiated using the actual states of the
plant at the time instant just before the threshold crossing and
exact crossing time is found by resimulating the time step in
which crossing occurs at the fast threshold sampling rate. The
regular Kalman filter estimates, which had been running at the
same sampling rate as the plant, are then updated.

For simulation studies, the nominal second-order dynamics
of the prototype actuator are taken to have a natural frequency
of approximately 1.2 kHz and a damping ratio of 0.05.
For simulation analysis, the range of deterministic disturbances
is 5 Hz to 5 kHz with a maximum amplitude of 5% of the
controlled input, and measurement noise was 17% of the signal
amplitude, based on a capacitive sensing circuit model.

A. Velocity Estimation

Both sine wave and ramped-square reference signals have
been tested in simulation. A sample steady-state response to

Fig. 4. With two threshold sensors, at least two angular velocity estimates
are found to dramatically improve, both in absolute error (top plot, versus
position) and in relative error (bottom plot, versus velocity).

a ramp input is shown in Fig. 3, in which the reference is a
combination ramp and hold between 0° and 1°, or 0.018 rad.
Using the analog and threshold sensors, measurements are
taken which are used for estimating states at each time step.
As noted previously, analog sensors are assumed to be noisy
with Gaussian distribution, with potential error in their sensor
gain (i.e., error in output matrix Cp of the state-space model),
while threshold sensors are assumed to be placed at two
locations between 0 and pi/180 rad.

Several features of Fig. 3 should be noted for explaining
potential algorithm use in calibration. First, the system does
not follow the reference trajectory very precisely. For cali-
bration, it is more important to know the actual trajectory that
was achieved, rather than achieving a specific target trajectory,
though later in this section, use of feedback to make the
actual trajectory more uniform will be seen to improve results.
Second, additional accuracy provided by the threshold sensor
in any given cycle is limited and highly variable due to noise.
Thus, velocity estimates must be averaged over many cycles
both to evaluate improvements in estimation and provide
high-accuracy velocity estimation for calibration.

Thus, to evaluate estimator performance, angular velocity
error at each time step in the excitation cycle is averaged
over the cycles completed after reaching steady-state behavior.
In simulation, 100 excitation cycles are performed, with aver-
age angular velocity error versus average angular velocity
typically calculated for the last 20 time periods. For a sinu-
soidal input, this provides up to Ns possible angular veloc-
ity estimates for use in calibration, plus additional angular
velocity estimates at the threshold detection instants. However,
the average error at each angular velocity varies according to
proximity to threshold detection events and error covariance
variation over the excitation periods in the underlying Kalman
filter.

To illustrate the importance of threshold sensing on average
velocity estimation error at individual points in the cycle,
Fig. 4 shows simulation results when two threshold sen-
sors were hypothesized to be available at 0.2° and 0.65°
(3.5 and 11.3 mrad). When using two threshold sensors,
it is typically observed that two locations demonstrate a
dramatically reduced angular rate error. Fig. 4 first shows
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Fig. 5. Minimum relative velocity error shows improvement as sampling
rates increase and threshold sensing is added; relative error plotted against
(1) the ratio of input frequency to natural frequency; and (2) the ratio of fast
sampling rate to slow sampling rate, averaged over 15 simulations each.

the mean velocity error at various angular positions for a
sinusoidal reference and then shows the relative error at those
locations as a function of angular velocity. Without threshold
sensing, the velocity error is approximately 100 mrad/s, which
decreases with threshold sensing to less than 10 mrad/s at
certain positions, though the error can get worse at others. The
corresponding relative angular rate error nearest the threshold
locations reaches the order of 10−5, although rate errors are
largely unchanged or can even be made worse elsewhere in
the cycle.

The angular velocities at which error is minimized are
dependent on nominal dynamics, excitation frequency, sam-
pling rates, and threshold angle locations. For a given
disturbance range and noise variance, results are comparatively
insensitive to disturbance and noise variation from simulation
to simulation. This is advantageous for calibration tasks, as the
set of estimated angular velocities to rely on during calibration
can be predetermined. However, the precise positions at which
velocity errors are minimized are not necessarily always
exactly at the threshold angles, due to the comparatively slow
sampling period of the primary sampling instants. When one of
the threshold sensors is removed, the performance deteriorated
and error value increased to the order 10−4. For this case,
the resulting errors are generally comparable with those in
the capacitive-sensor-alone case. Much less improvement is
to be expected due to the inability to effectively scale output
measurements using threshold sensing information.

B. Sampling Effects

The best estimated velocity from a Kalman filter with and
without a threshold sensor is highly dependent on both the
actuation frequency and the slow (analog) and fast (clock)
sensing frequencies. First, as the slow sampling rate decreases
relative to the input frequency, estimator performance declines
dramatically, though the change shown in Fig. 5 is likely
overstated from a practical standpoint as sensor noise could
likely be reduced for slower sampling rates. More importantly,
as slow sampling rate decreases, threshold sensing benefits are
reduced, as any additional information is less reliable by the
next regular sampling instant.

With respect to excitation frequency, threshold sensing
provides the greatest benefits when driving the actuator near

its natural frequency. This is attributed to reduced relative
disturbance influence when operating the piezoelectric stage
near resonance. While this does not provide the absolute best
angular velocity estimation errors, it is very useful as it is often
necessary to operate MEMS actuators near resonance to obtain
satisfactory motion amplitudes. Meanwhile, threshold sensing
again provides little benefit when input frequencies are very
low, and all estimation algorithms perform poorly above the
stage’s natural frequency as motion amplitudes drop off.

C. Feedback Control

Simulating the system response also allows various feed-
back controllers to be tested in conjunction with the three
estimation schemes when the other nonideal disturbances,
such as periodic vibration and hysteresis, are present in the
system. The periodic nature of the reference trajectory is well
suited to periodic control algorithms such as repetitive or
iterative learning control (ILC). ILC is selected as the primary
candidate control system to allow trajectory error from an
entire cycle period to be used in the next (or a later) cycle,
which is helpful for providing sufficient computation time
to provide control at relatively high microactuator excitation
frequencies.

The ILC technique chosen was a simple proportional gain,
which will be shown to significantly improve estimation
performance under certain circumstances. When the reference
trajectory is a periodic signal

r(t) = r((t + T ) = r((t + Ns Ts) (19)

where T is the period of the periodic reference and Ns is the
number of slow samples per period, the control input is

u(Ns + k) = GILCT × [x̂(k + 1) − r(k + 1)] (20)

where GILCT is a proportional type ILC learning function and
x̂ is the a priori state estimate.

To find the best learning function GILCT of (20) for the
nominal plant model, a grid-search of ILC gains over a
wide range was performed, followed by a smaller numerical
search between 10 and 200; gains less than 10 were found
to converge too slowly, while gains greater than 200 led to
instability. To select from within the smaller region of potential
gains, the values producing minimum tracking error after the
ILC gain had reached a steady-state value were selected from a
simple brute force search. The typical convergence time was
around 80 cycle periods. ILC input was initiated at zero in
each simulation.

For further comparison, a PID controller was tuned man-
ually for the same nominal plant, with best results from a
potential difference (PD) controller with a proportional gain
of 1200 and a derivative gain of 0.15, which improves both
the settling time and the damping ratio of the system poles.

Both controllers are able to improve estimation accu-
racy at the highest accuracy estimation locations, espe-
cially when there is model uncertainty, as shown in
Table I. This is attributed to their contribution to reduc-
ing cycle-to-cycle variation, either due to hysteresis and
enduring disturbances with ILC or due to in-run random
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TABLE I

CONSOLIDATED RESULTS FROM SIMULATION CASE STUDIES

disturbances with the PD control. For example, without
ILC, perturbing the system model by altering the sys-
tem’s sensor gain without knowledge by the controller
(Case 2 versus Case 1) produces almost an order of magnitude
increase in estimation error without threshold sensing and
approximately two-fold with threshold sensing. In contrast,
when PD or ILC control is used, errors with and without
perturbation are still reduced, though distributed differently
between the most accurate velocity estimates (Case 3 and
Case 4). In all cases, threshold sensing improves velocity
estimation errors, though with greatest impact when estimation
without threshold sensing is worst.

D. Estimated Calibration Accuracy

To evaluate potential gyroscope calibration errors using the
best angular rate estimates, an error analysis is performed for
a linear gyroscope assumed to have output

Vout = Kω(t) + Vb (21)

where Vout is the gyroscope output voltage, K is the true
gyroscope gain, and Vb is the true gyroscope bias voltage.
For a simple calibration scheme using two angular rate esti-
mates, ω̂1 and ω̂2, to generate a gain estimate, K̂ , and V̂b

K̂ = Vout(ω1) − Vout(ω2)

ω̂1 − ω̂2
(22)

relative calibration error computed by root-mean-square meth-
ods becomes

∣
∣
∣
∣
∣

K − K̂

K

∣
∣
∣
∣
∣
≈

∣
∣
∣
∣
∣
∣

√

e2
ω1

+ e2
ω2

ω1 − ω2

∣
∣
∣
∣
∣
∣

(23)

where eω1 and eω2 are average angular velocities for the
angular velocities selected for calibration.

Table I also shows projected calibration errors with the
best angular rate estimates available using the various control
and estimation schemes, for a sample candidate gyro [18]
tested on a standard rate table having a nominal gain of
91 mV/rad/s and a bias of 1.35 V. Implied relative scale errors

Fig. 6. For estimator testing with a prototype piezoelectric microactuator,
off-chip laser detection is used to track true actuator rotation and insert
threshold detection events into the motion-estimation algorithm.

are on the order of 50–150 ppm when both ILC and threshold
sensing are used, with some potential to further tune scale
estimation error through proper selection of threshold locations
(Case 5 in Table I). This is much better than the gyroscope’s
own gain or bias errors (worse than 10 000 ppm), and in best
cases acceptable for gain errors in inertial gyroscopes [2],
though implied bias errors are much larger.

V. EXPERIMENTAL RESULTS

To validate the proposed algorithm experimentally,
a prototype piezoelectric stage was tested in rotational
oscillation about its x-axis. The prototype stage was
instrumented only with piezoelectric displacement sensing,
rather than capacitive sensing, due to its production by an
earlier fabrication process. As such, the stage lacked on-board
threshold sensing. In its place, a helium–neon laser was
reflected off the stage surface to a high-precision On-Trak
light sensing array (LSA) translational sensor from which
the angle is calculated geometrically. While the LSA is also
subject to some drift over time, for estimator validation,
the LSA response was treated as a true measurement of
stage position, with two angles in the LSA measurement
treated as threshold measurements. A schematic view of the
experimental setup is shown in Fig. 6.

The reference LSA measurement trajectory used in the
experimental verification of estimation algorithm was a sinu-
soidal signal of a frequency of 685 Hz and an amplitude
of 3 V. This was obtained by applying an input voltage of
amplitude of 1.5 V. A system model was identified using the
circle fit method of modal analysis (natural frequency 678 Hz,
damping ratio 1.8%, and gain 79 mdeg/V) from piezoelectric
measurements and scaled to match the rotational amplitude
measured by the LSA. During experimental tests, the piezo-
electric sensor was sampled at approximately 20 kHz, while
the LSA was sampled at approximately 35 kHz. LSA feedback
is treated as perfect in the experimental study, though the
true repeatability of the LSA at a maintained temperature in
laboratory conditions is only approximately 100 ppm.

Figs. 7 and 8 compare the LSA output and threshold sensor
algorithm estimates. The plot also indicates the threshold sens-
ing points. During filtering, the threshold crossing improves
the velocity estimates after the threshold sensing location, as is
expected, and in smoothing it improves accuracy on both sides.
Since the measurements for both filter and smoother are noisy,
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Fig. 7. Experimental verification of estimation algorithm shows close
agreement between external LSA output and estimates based on a combination
of on-board position sensing and select LSA threshold angles.

Fig. 8. Error in average velocity estimates calculated based on experimental
results shows a substantial reduction when implementing threshold sensing.

a low-pass filter is used to filter out some of the high-frequency
noise. The proposed algorithm estimates the derivative of the
LSA output well near the threshold sensing points; while both
piezoelectric and LSA angular measurements are less accurate
than the capacitive sensing to be ultimately incorporated into
the piezoelectric stage, substantial improvements in angular
velocity error are seen, as listed in Table II. These errors range
from 30% to 18% using piezoelectric sensing alone, versus
approximately 5% to as low as 0.2% at maximum accuracy
positions with threshold sensing. This improvement by a factor
of 10 to 100 is consistent with improvements in simulation
studies.

VI. DISCUSSION

Table III shows the accuracy of a sample high-quality
MEMS gyroscope, excitation stages, and gyroscope calibration
techniques. The results presented for the velocity estimation
in this brief may be most directly compared with other
candidate excitation sources for gyroscope calibration. While
velocity estimates for stage motion are much less accurate than
precision rate tables, which can achieve errors of just 1 ppm,
knowledge of piezoelectric stage motion at its highest accuracy
is much better than that of a gyroscope on its own (noting
again that the piezoelectric stage can again only deliver such
accuracy at a finite set of velocities). Also shown for reference
is a sample MEMS electromagnetic nanopositioning stage that
also made use of detailed capacitive electrode modeling for
high-accuracy position sensing, showing similar but somewhat
less accuracy than that of the proposed scheme.

TABLE II

ERROR COEFFICIENT ESTIMATIONS BASED ON

EXPERIMENTAL RESULTS

TABLE III

COMPARISON OF REPORTED STIMULUS AND GYROSCOPE CALIBRATION

ACCURACIES. *RELATIVE ACCURACY NOT REPORTED, ESTIMATED

FROM REPORTED ABSOLUTE RESULTS

Once used in calibration, accuracy of gyroscope parameter
estimates is generally not as good as that of the excitation
stage. Although certain simulation studies have suggested
accuracies to 1 ppm or better using high-accuracy rate tables
or gimbaling techniques, practical calibration of low-cost
(i.e., MEMS) gyroscopes is typically about an order of
magnitude worse than the excitation accuracy. While the
simulated calibration results presented here are better than
that, they do not account for several nonidealities of MEMS
gyroscopes. Still, even with substantially worse calibration
results than predicted here, the piezoelectric microstage
still offers a substantial improvement on a MEMS gyro-
scope alone, with much smaller hardware size, power, and
time requirements than those of most proposed calibration
methods.
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The exceptions, however, are certain self-calibration
techniques demonstrated in [3] and [4]. While highly design-
specific to date, these efforts demonstrated MEMS gyroscope
accuracy to just a few hundred parts per million from careful
modeling of gyroscope response to perturbations and added
stimulus within the gyroscope itself. Trusov et al. [4] further
achieved a 1 ppm accuracy over 10 °C through use of
feedback. The greatest opportunity of a microstage of the type
presented here may be to generalize calibration to arbitrary,
likely lower cost, microgyroscopes, though not to the degree
possible for the most carefully modeled designs.

Practically, the biggest challenge for full implementation
of this threshold sensing and estimation scheme is the need
for threshold detection errors no worse than threshold timing
clock resolution. While peak capacitance measurements can
be demonstrated to be very stable, small capacitance still
results in very small threshold sensing currents, which may
make detection errors larger than assumed during simulation
studies. Possible options for compensating would be the use
of many threshold sensors or increasing the range-of-motion
of the piezoelectric stage.

Beyond simply identifying a specific gyroscope gain
(or bias), a microstage has mixed potential for addressing other
nonideal gyroscope behaviors. The high speed at which cali-
bration can be performed is a great advantage in avoiding error
from intrinsic inertial sensor drift during the time required to
run a calibration sequence. However, the limited number of
velocities that can be known at the highest accuracy makes
full characterization of nonlinearity in a gyroscope difficult.
Finally, high-speed calibration requires any timing differences
between gyroscope and stage sampling to be precisely known.
The periodic excitation helps in synchronizing signals, and
the threshold sensing scheme is designed to allow the asyn-
chronous threshold crossing to inform estimates at the regular
sampling instants, but for demanding inertial measurement
applications, margin of error is small.

Finally, the proposed algorithm offers other benefits of a
simple control structure and the ability to design for various
criteria, likely with room for further improvement. Good
results have been observed using very simple PD and ILC gain
structures in simulation, but controller selection does affect
estimator performance, and at present desirable gains are found
only through a simple numerical search. Likewise, choice of
threshold sensing locations and reference trajectory influences
the angular velocities that are best estimated; these velocities
are also currently identified only through simulation studies,
with more rigorous prediction methods yet to be developed.

VII. CONCLUSION

A strategy for controlling a piezoelectric actuator to gen-
erate periodic reference trajectories for calibrating a MEMS
gyroscope, as a method of improving MEMS IMU perfor-
mance, has been presented. The chief contribution of the
brief is to propose and evaluate through simulation and
experimental studies the impact of incorporating a capacitive
threshold sensor with conventional analog position sensing
in the piezoelectric stage to substantially improve angu-
lar velocity estimation accuracy. Including threshold sensors

reduced estimation errors by approximately 80% relative to
a conventional Kalman filter, to as little as 20 ppm error
in simulation studies. Feedback control is also observed to
improve estimation accuracy in simulation. Experimentally,
with less accurate piezoelectric and optical sensors available,
the impact of threshold measurements was much greater,
though best estimation accuracy was only 258 ppm. Relative to
other calibration techniques, projected scale factor calibration
may be competitive with existing field calibration techniques
while being self-contained as a microscale system. Certain
device specific self-calibration algorithms have demonstrated
even greater accuracies, but also suggest that they can be
further improved through use of motion stimulus.

As future work, angular velocity estimation will be tested on
next-generation piezoelectric stages with capacitive sensing,
currently being fabricated. It is expected that it will also
be necessary to add additional axes of motion to control
system design to account for nonidealities in microactua-
tor behavior caused by cross-coupling between piezoelectric
vibration modes in the various axes of motion. In addition, the
interaction of ILC gain selection, threshold sensor positions,
and resulting velocity estimate accuracy remains to be fully
analyzed.
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