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Fault Diagnosis of MEMS Lateral Comb Resonators Using Multiple-Model
Adaptive Estimators
Afshin Izadian and Parviz Famouri, Senior Member, IEEE
Abstract—In this brief a fault diagnostic unit is developed for
microelectromechanical systems (MEMS) by means of multiple
model adaptive estimation technique. Fault modeling tools such as
contamination and reliability analysis of microelectromechanical
layout enabled interpretation of microsystems behavior by evaluating their structural variations and modeling them in form of
electric circuits. This technique cannot directly diagnose the faults
during operation of microsystems. However, these fault-representing models can be used in multiple model adaptive estimation
technique to form fault diagnosis units. Here, fault-representing
systems are modeled by Kalman filters in real-time applications
and are used to evaluate the fault in microsystems. MEMS lateral
comb resonators are fabricated to experimentally demonstrate the
fault diagnosis performance in multiple model adaptive estimation
technique.
Index Terms—Adaptive estimators, fault diagnosis, Kalman filtering, lateral comb resonators (LCRs).

Fig. 1. (a) Lateral comb resonator designed by WVU. (b) Mass-spring-damper,
schematic model of LCR.

I. INTRODUCTION

Faults can be modeled in MEMS by utilizing a recently developed tool such as contamination and reliability analysis of
microelectromechanical layout (CARAMEL), which interprets
system structural variations by finite element techniques and
computes lumped parameters to represent the fault model in
electric circuits [1], [2]. In this technique, suitable models containing different fault possibilities can be obtained. Kolpekwar
et al. have modeled up to 4000 types of structural defects by
CARAMEL [1]. CARAMEL can model an individual system
to represent a particular type of fault offline; hence, a diagnostics technique is required for in-operation devices to detect
the type of fault. In addition, defects such as change of operating environment, e.g., satellites, fluid control devices, and
micro-pumps, in which microsystem is under influence of radiation, rapid environmental changes, and noise [3], cannot be
modeled by CARAMEL.
Complicated structure of MEMS devices like gyroscopes and
micromirrors can be simplified into several basic elements such
as parallel plate actuators and lateral comb resonators. Monitoring technique for a basic element such as a LCR will define the guideline for diagnostics of more complicated devices.
In this brief, a LCR is used for fault diagnostic studies. Lateral comb resonators can be modeled in a second-order massspring-damper system. In order to take the parameter variations originated from manufacturing, in-operation wearing of
the parts and fault into account, the coefficients of microsystems
are considered time-dependent values. Structural variations can
also be modeled as a shift in the values of these parameters.
Loss of vacuum, severe shocks, and manufacturing defects are
common types of fault in microsystems, which are modeled
by damping coefficient and spring constant variations. Severe
structural damages might impair the device and cause failure
which result in a nonworking device. In fault diagnostics and supervisory monitoring of MEMS, some specific parameter varia-

ICROELECTROMECHANICAL SYSTEMS (MEMS)
are becoming the most important part of many advanced
applications ranging from satellite stabilizers to commercial accelerometers. In simplest form, a MEMS lateral comb resonator
(LCR) consists of two sets of fixed combs on both sides of
a moving stage. The shuttle (moving part) has a comb-shape
structure with fingers placed in the space between those on the
fixed structure [see Fig. 1(a)]. The shuttle is suspended on two
sets of springs and can be laterally displaced by electrostatic
force generated between comb fingers. Fabrication process of
MEMS involves several steps which might introduce parameter
uncertainties in microsystems and cause high infant mortality
rate. Different techniques are developed to measure the infant
mortality rate in microfabrication processes [26]. Identifying the
origins of these variations can be facilitated by deploying model
matching techniques which allocate a predefined model to an
operating system instantly. Therefore, a mechanism to model
fault representing system is required.
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tions are of particular interest. Therefore, as defined, each fault
case might cover different parameter variations and result in a
unique subsystem representing that fault. Number of these subsystems can be arbitrarily set according to the application and
system operating requirements. Several techniques are used to
evaluate these models and diagnose the fault in the system.
In this brief, Kalman filters are utilized to model the MEMS
devices and to accurately factor in the system and measurement noise resulted from the hybrid optical measurement technique. The displacement of MEMS is measured by a laser beam
in a propagation, collection and recovery loop. Multiple-model
adaptive estimators are applied in fault diagnosis of lateral comb
resonators and their simulations are experimentally verified in
test of fabricated devices. The effect of noise in decision-making
process is studied for over and underestimated noise in LCR systems.

denotes the uncertain values of parameters. The fact
where
is that the desired system should operate similar to (2) whereas
the manufactured device which behaves differently and is represented by (3). More details on model parameter uncertainties,
control application and displacement monitoring technique,
which is also used in this brief, can be found in [5]–[21]. The
state space governing equation of a MEMS LCR considering
uncertain values can be represented as
(4)
The second-order state space equations describe dynamical
behavior of microsystem in different conditions, i.e., change of
mass, spring constant, and damping coefficients can generate
entirely different sets of equations and result in various equilibrium points.

II. LATERAL COMB RESONATOR AND MODELING
B. Optical Monitoring Technique
A. MEMS
Recently, MEMS became an important part of very precise
applications because of their low cost and high accuracy of operation. They are also available for commercial use in different
forms and applications. A simple form of an actuator is a LCR,
which is used in many complicated devices such as gyroscopes.
LCR structure contains a moving stage also known as shuttle,
stationary combs and suspension springs on both sides along the
-axis [see Fig. 1(a)]. The LCR can be modeled as a mass spring
damper [see Fig. 1(b)] in a second-order linear differential equation. The electrostatic force is generated by applying two identical dc voltages onto the stationary combs at both sides of the
LCR. The ideal electrostatic force depicted in (1) is a function of
applied voltages and geometry of the device; however, there are
many other phenomena that affect the force values that are not
considered in electrostatic force equation [3]. The ideal force is
(1)
where
is the electrostatic force, is the number of fingers
in one side, is the permittivity of air, is the length of a
finger, is the gap between fingers,
are applied stator
and shuttle’s body voltages, respectively. A simple mass-springdamper model of the system can be written as
(2)
where is the mass of the center comb (shuttle), is the displacement, is the spring constant of one side, is the damping
is the force due to load. In many microstructure
coefficient,
applications such as connecting a beam to rotating gears, the
load can be applied directly to the shuttle.
As mentioned earlier, the device parameters are affected by
manufacturing processes, operating and environmental conditions. Under these conditions, the model containing uncertainties can be expressed as
(3)

Application of an optical method for measuring the displacement of the shuttle location is described in this section. Several
researchers have used optical monitoring technique in measuring the displacement [30]–[32]. Displacement of the shuttle
can also be measured by through wafer optical monitoring
technique [28] to validate the position of the shuttle simultaneously. The through wafer optical displacement-monitoring
system contains an infrared waveguide of wavelength 1310 nm
emitted from a laser diode. Two bulk lenses focus the beam on
the device from the bottom side, which is polished by a 0.1- m
polisher in order to reduce the beam scattering and ray loss.
The laser emitted out of the grating structure is collected and
directed to the detector through a multimode fiber optic detector
probe that houses a single-mode detector fiber. As the shuttle
“center comb” moves, its body cuts the laser beam through the
openings and produces pulses. The detector then experiences the
intensity changes of the beam due to the shuttle displacement;
therefore, the output voltage of the detector contains the gratingencoded displacement information of LCR. The alignment of
the output laser beam and the detector fiber optic coming out
of the openings on the device is the critical point for obtaining
the highest possible signal-to-noise ratio (SNR). The Gaussian
distribution of the laser beam allows the system to concentrate
on the openings and reduce the spot size on the device [7]. A
schematic of the through wafer optical monitoring technique is
shown in Fig. 2. The collected optical data is then transferred to
the data recovery algorithm that determines the instantaneous
displacement of the shuttle [5], [6]. The research on the integration of an in-situ structure of the laser beam emitter and collector
is in progress [29]. Therefore, an advanced integrated optical
displacement monitoring technique seems practical.
III. FAULT IN LCRS
As illustrated in Section II, a second-order mass-springdamper system is used to model lateral comb resonators. This
brief investigates the parametric uncertainties and those kinds
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the diagnostic capabilities of multiple-model adaptive estimation technique.
IV. FAULT DIAGNOSIS THEORY DEVELOPMENT
A. Kalman Filter Design for LCRs
Consider the steady-state Kalman filter model of an LCR associated with different types of fault conditions denoted by subscript as

(5)
where is the Kalman filter model’s state-space variables (disis the system matrix,
placement and speed of the shuttle),
is the input matrix, is the input vector,
is the Kalman filter
is the input noise with zero mean
model’s input noise matrix,
and variance of
(6)
Fig. 2. Optical through wafer monitoring system.

of structural uncertainties that can be modeled as linear parameter variation.
Fault in microsystems can be originated from local defects,
parameter tolerances, design problems, operation, and/or
system level defects [4]. Faults might happen by breaking
different parts of the device such as suspension springs or
fingers (in LCR). In any of these cases, asymmetries result in
behavioral changes and unwanted deviations from the desired
output.
In open-to-air applications, there is a chance that dust and
other particles fall on the structure of the device, which may
cause a change of mass of the shuttle. In addition, the silicon
made structures absorb humidity of air that result in change of
mechanical properties of suspension springs. Larger size conductive particles on areas between two fingers on shuttle and
fixed structures might cause a short circuit in the device, join
the parts together and result in a failure. For devices operating
in vacuum conditions, any damage in the container might result
in the loss of vacuum and consequently change of viscosity.
In physical systems, fault can be defined when the variation
of a particular parameter or a set of parameters exceed a predefined threshold, e.g., when the mass or spring constant stiffness
exceed a threshold. Several individual parameters or their combinations can be monitored in various models to determine the
amplitude of the fault in the system. Monitoring the behavior
of a system respect to some specific parameters and thresholds
require multiple model developments where each is tuned at
some desired threshold level to specifically diagnose the level
of changes in the system. Therefore, not all levels of parameter
variations are considered in models.
A fault scenario is developed in Section V that covers most
common types of parameter variations. MEMS LCRs are also
fabricated with different parameters to experimentally examine

is the measurement vector (displacement and speed of the
is the output matrix,
is the output measureshuttle),
ment noise, independent from , with zero mean value as
(7)
Kalman filter model representation of a system is
(8)
where is the estimation of state space variable, is the actual
is the Kalman filter
output expected from the model, and
gain recursively obtained through the following procedure:
for
(9)
where

is the covariance matrix updated by

(10)
updates the Kalman gains recurThe covariance matrix
sively. The residual signal is defined as the difference between
the output of the Kalman filter model and that of the actual
operating system. For each of the models there is a residual
signal computed instantaneously and used to compute conditional probability density functions. Residual signals are obtained as
(11)
B. Multiple-Model Adaptive Estimation Technique
A hypothesis-testing algorithm continuously monitors the
residual signal variations. If the output of any of Kalman filters
matches the output of the system and makes the mean value
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of residual signal zero, then the covariance matrix can be
computed by [17], [22]
(12)
Conditional probability density functions of the th Kalman
filter model considering the history of measurement
is expressed as [22]
(13)
with
(14)
and
(15)

Fig. 3. Mass change effects on the system output displacement. All the outputs
are very close since the influence of mass variation is negligible.

where is the residual signal as defined in (11). The conditional
probability evaluation of the th system is defined as
(16)
This value can also be computed by [22]
(17)

The conditional probability density functions require a priori
samples to compute the current values and are normalized over
a complete sum of the conditional probabilities of all systems
[9]. The largest conditional probability among all can be used
as an indicator of fault in the systems (note that each fault-representing system should be modeled separately). In addition,
they can associate weight to the outputs of the systems to define weighted output for each fault-model. In some applications, probabilities change rapidly and make the output of the
system unpredictable then the output should be compared with
a threshold. The system contains a zero mean white noise with
,
covariance values in the measurement
signal and system, respectively.
V. DIAGNOSTIC PERFORMANCE EVALUATION
A. Fault Diagnosis
To simulate the fault diagnosis technique, a sequence of
events concerning the main parameter variations is used as
fault scenario. Majority of fault diagnosis techniques would
latch the state of the recognized fault; however, to investigate
the capability of the MMAE and Kalman filter, identical start
and end health conditions are included in the fault scenario.
Examples of typical parameter variations resembling the actual
fault can be identified in the following steps:
1) health operation for 2 k samples;
2) 5% mass variation for 1 k samples;
3) 10% mass variation for 1 k samples;

Fig. 4. Output displacement of the system in case of the spring constant change
to 5% and 10%.

4) 5% spring constant variation for 1 k samples;
5) 10% spring constant variation for 1 k samples;
6) 30% change in damping coefficient for 1 k samples;
7) return to normal condition after 2 k samples.
These series of events occur consecutively and cover common
types of variations that microsystems might undergo during
their operation. The displacement variation in case of 5% and
10% change of the mass of LCR are shown in Fig. 3.
The displacement resulted from the spring constant variations
are shown in Fig. 4. Any change in spring constant values cause
higher displacement variations and stronger residual signals.
Damping coefficient variations cause a delay from the original waveform. Fig. 5 shows the phase shift resulted by a 30%
change of damping coefficient and completely matches step 6
of the fault scenario.
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Fig. 5. Effect of the spring constant change on the LCR’s output, 30% change
from the true system output.

Fig. 6. Conditional probability density function outputs over different cases of
the fault scenario. Higher output values show the validity of the case and as
a result the diagnosis of the fault. Numbers 1–7 show different steps of fault
scenario.

The noise content in microsystem has significant effect on the
conditional probability functions. The effect of noise in fault diagnosis is studied in two cases of noise under and overestimation
in Kalman filter designs. Considering normal noise content in
microsystem and its environment, Kalman gains are computed
for each of these models.
Applying probability density functions on fault scenario designates a weight between 0 and 1 to each system’s output in
each time instant. Higher probability numbers indicate validity
of that particular system in that sample. Fig. 6 shows the weight
allocation computed by probability density functions in evaluation of the residual signal in case of normal noise content in
microsystems. As Fig. 6 shows, the highest weight is allocated
to a proper system (numbered according to the fault scenario)
which accurately follows the scenario.
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Fig. 7. Conditional probability function outputs over different cases of the fault
scenario in a 35% noise overestimation. Higher output values show the validity
of the case and as a result the diagnosis of the fault.

As Fig. 6 shows, a quick transition is observed among steps.
The MMAE fault diagnostic unit accurately identifies the faults
as designed in the scenario.
In case the noise is overestimated from which actually existed
in the system for Kalman gain computations, the fault diagnostic
unit identifies the faults of different kind rapidly, i.e., the transition from mass change to spring constant is rapid. However, in
the same category of parameter variations, the noise results in a
delay in fault recognition (e.g., from 5% to 10% of mass variations), shown in Fig. 7. A 35% noise overestimation influences
the transitions between 5% and 10% change of mass and spring
constants individually, but still provides a quick transition from
mass to spring constant variations. As the figure shows, delays in
transitions from steps 2 to 3 and steps 4 to 5 were observed. Existence of noise masks small parameter variations and reduces
the system’s sensitivity which is required in high performance
fault diagnosis system.
If the noise content in the system is underestimated from
which actually exist in the system for Kalman gain calculations,
the fault diagnostics results in inaccurate and random transitions
among fault scenario steps, e.g., in transitions from steps 2 to 3,
steps 3 to 4, and 4 to 5. Fig. 8 shows the noise underestimation
results and its consequences on the decision-making process.
In a situation that the output of the actual system is between
the outputs of two of the representative models (e.g., between
5% and 10% spring constant variations) the probability density
of these models will rise to higher number (than zero) weighing
more toward the closer subsystem to the actual system. In that
case, an indicator would trigger the threshold mechanism and
an appropriate fault code would be issued.
B. Experimental Results
Scheduling a precisely adjusted parameter variation in
MEMS is possible in simulations but it is difficult to do the
same task during the operation of one device. As mentioned
earlier, fault conditions if defined in form of the parameter
variation can be arbitrarily set to meet the system monitoring
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TABLE I
ESTIMATED PARAMETERS OF TWO FABRICATED SYSTEM

Fig. 8. Conditional probability function outputs over different cases of the fault
scenario in case of 40% noise underestimation. Higher output values show the
validity of the case and as a result the diagnosis of the fault in that.

needs. In simulations, the performance of the MMAE was
illustrated. To experimentally demonstrate the effectiveness
of the diagnostics approach of this brief, two healthy MEMS
devices with known and different parameters were selected.
The knowledge of the parameter values is not necessary for
actual implementations and is needed to set the parameter
variations to define the fault during the operation. To design
an accurate point of fault and evaluate the fault diagnosis technique performance, these devices were excited with the same
input voltage. Their output displacement signals were recorded
separately and joined together to obtain one waveform with a
fault scheduled in it. The amount of parameter variation from
device #1 to device #2 is defined to resemble a fault occurrence
in the system. In practice, MEMS devices are being monitored
individually. The resulted waveform (with fault) was fed to the
algorithm to evaluate the fault diagnosis performance.
Fabrication of MEMS devices require several chemical reactions and layer depositions. Some of these steps can be controlled accurately. Table I shows the resulted parameters of two
MEMS microcomb resonators fabricated in the same process
[10]. To accurately select MEMS devices, their parameters were
identified through genetic algorithm and curve fitting [10]. As
Table I shows, mass contents of two devices are similar. The
spring constant of two devices however were intentionally designed to be different, which required different geometries in
MEMS. Damping coefficient is a function of several parameters among them the interface material density, and size and geometry of the moving plates that squeeze the interface material.
These dependencies resulted in a damping coefficient variation
in two fabricated devices. In reality, the damping coefficients
vary significantly during the operation of the device since the
fault condition can be as severe as loss of vacuum condition.
Small variations in damping coefficient of an open-to-air device
can mainly occur as a result of the temperature and humidity
variations. However, the fault diagnosis technique is sensitive
enough to identify these variations (as shown in fault simulations). The importance of the experiment with significant spring
constant variation is to define a single fault dominating model of

Fig. 9. Optical grating encoded displacement signals.

the device and to evaluate the diagnosis capabilities of the multiple model adaptive estimation technique. Similar goals can be
achieved in devices with a set of parameters varying at the same
time depend upon the application. Desired parameters and their
threshold can also be set by CARAMEL [1], [2].
In order to measure the displacement of the device, an optical
through wafer displacement monitoring technique was utilized
(Section II-B). The displacement encoded optical waveforms of
two devices are shown in Fig. 9. These devices were excited by
volt signal. To extract the displacement infora
mation of the shuttle from the optical signal, an auto-recovery
unit was utilized. The extracted displacement signal is shown in
Fig. 10. Interested readers can find more information on auto-recovery in [10].
Kalman filters were designed for devices with their gains
shown in Table II. Covariance values of system and measure,
. Probability denment noise were
sity values were initially set equally to 0.5. Both models are constantly being evaluated and their residual signals are processed
in MMAE to identify the right model behavior. Fig. 11 shows
the weight allocation (probability density values) and transition profile in the fault diagnostic unit. As this figure illustrates,
higher probabilities are associated to system 1, making it valid
for initial part of the simulation and all samples up to the 1886th
(also marked as point 1 in Fig. 11).
There is small variation observed in the probability values because of the noise in the system. A quick transition in the probability values is observed when the fault occurs and the weight
is shifted to validate the second system (point 2 in Fig. 10).
It can be observed from the simulation and experimental results that the system including Kalman filters and MMAE is capable of computing strong probability density functions to distinguish small and large parameter variations in physical systems. Associating these parameter variation to faults, one can
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of fabricated LCRs. This brief successfully demonstrated the
application of Kalman filters in modeling of slowly varying parameter systems and their usage in residual signal computations
to be used in multiple model adaptive estimation technique for
fault diagnostics.
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