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Abstract—A new concept of nonparametric signal detection
and classification technique is proposed using mutual information measures in the time–frequency domain. The time–
frequency-based self-information and mutual information are
defined in terms of the cross time–frequency distribution. Based
on time–frequency mutual information theory, this paper presents
applications of the proposed technique to real-world vibration
data obtained from a dedicated condition-based-maintenance
experimental test bed. Baseline, unbalanced, and misaligned
experimental settings of helicopter drivetrain bearings and shafts
are quantitatively distinguished by the proposed techniques. With
imbalance quantifiable by variance in the in-phase mutual information and misalignment quantifiable by variance in the quadrature mutual information developed and presented herein, machine
health classification can be accomplished by use of statistical
bounding regions.
Index Terms—Aerospace components, electromechanical systems, information entropy, military aircraft, mutual information,
prognostics and health management, vibration measurement.

I. I NTRODUCTION

T

HE STANDARD maintenance practices in military aviation involve replacing existing parts after a certain time
period or a certain number of operational hours. This practice is
called time-based maintenance (TBM) and can lead to failures
in critical parts due to unexpected wear, causing operational
downtime and potential safety hazards [1]. Therefore, instead
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of TBM, it is desirable to consider use-based maintenance
practices so that critical parts are replaced or repaired before
their full lifetimes for economic and safe operations [2]. A new
practice of condition-based maintenance (CBM) is proposed for
military aviation fleet management which involves changing the
time- and reaction-based maintenance schedules into ones that
are predictive and proactive [3], [4]. However, to achieve this
innovative maintenance practice, data must be collected from
vital operational components and analyzed in order to determine the current (diagnostic) and future (prognostic) health of
critical components.
In order to monitor the health status of the systems, a variety
of signals are collected, including vibration [5], [6], acoustic
[7], and temperature. Over the past decade, great advancements
have been made in health diagnostics and vibration management in military helicopters. The successes to date have resulted
in the large-scale deployment of increasingly useful healthmonitoring systems such as health- and usage-monitoring
systems (HUMS) using Vibration Management Enhancement
Program (VMEP) hardware, which have generated a wide range
of benefits from increased safety to reduced maintenance costs.
Most CBM tools such as HUMS for Apache and Blackhawk
helicopters assist machinery maintainers in identifying faulted
components through the use of simple interfaces and indicators.
The most commonly utilized functions are condition indicators
(CIs), which output a dimensioned or dimensionless single
scalar value to monitor key factors most frequently related to
frequency analysis of vibration signature. CIs need not be based
upon vibration analysis alone and may include component temperatures or acoustic data for separate or fused CIs. Examples
of common indicators in machine diagnostics and prognostics
include the following: spectral peak analysis, envelope analysis,
energy ratio, crest factor, sideband index, and kurtosis of residual signals [8]. These CI values are typically compared with
preestablished thresholds in a simple decision tree classifier
which assign the CI with some form of ranked class such as
“good,” “caution,” or “exceeded,” and these classes are then
utilized by maintainers in vital decision-making processes. A
given component can have several CIs which may additively
form a health indicator (HI). Typically, CIs or HIs are not fault
specific; multiple fault types can affect the value of a single CI,
and a single fault could affect multiple CIs.
While various CIs and HIs do exist, we aim to improve
their effectiveness by developing new general methods for fault
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analysis based around time-frequency analysis that could be
used in existing or new CIs for indication of machinery failure.
Previous studies on CBM from diverse applications [9], [10]
have shown that abnormality of the system is characterized
by transient precursors in the signals. Through their use in
detecting transient precursors, advanced signal processing techniques have contributed to develop diagnostics and prognostics
algorithms for aging aircraft [11]. The classical methods for
vibration analysis such as spectral analysis or time-frequency
distributions represent frequency- or time- and frequencylocalized energy; however, it is not an easy task to analyze
multiple signals that have been simultaneously collected from
systems under test. In particular, time-frequency analysis is
useful to analyze the transient signature of the abnormality
and its precursors [12]. Previous convention dictated that timefrequency-based applications were difficult to implement in real
time; however, methods [13] have been proposed to accomplish
time-frequency algorithms that are feasible for the constant
monitoring required for CBM [14]. We present a path toward
using time-frequency analysis and specify metrics based on
time-frequency representations for condition and health monitoring, advancing the analysis of data from existing conditionmonitoring systems without the use of additional hardware.
In this paper, we propose a new concept of nonparametric detection and classification of signals. We define time-frequencybased self-information and mutual information in order to
classify the health status of the system components in
Section II. Other methods [6], [15], [16] have been proposed to
use either classical methods or neoclassical methods, moving
toward the use of both time- and frequency-based information. The proposed method takes advantage of both time- and
frequency-domain transients to establish a complexity measurement for potential assessment of component health. The experimental setup and data description are provided in Section III.
The results and discussions are provided in Section IV, and
conclusions of this paper are drawn in Section V. Based on
the time-frequency-based mutual information theory, this paper
presents applications of the proposed technique to real-world
vibration data.
II. T IME –F REQUENCY I NFORMATION M EASURE
The classical information measure of a continuous stochastic
process is known as Shannon information [18] given as
∞
Hx = −
f (x) log2 f (x) dx
(1)
−∞

where the continuous function f (x) is a probability density
function which is positive and bounded between zero and one.
Williams et al. [18] proposed a measure of time-frequency
information by use of the generalized Rényi information. The
definition of the generalized Rényi information [19] of a continuous bivariate distribution P (x, y) is defined as follows:
 α
P (x, y) dx dy
1
Hα (P ) =
log2  
.
(2)
1−α
P (x, y) dx dy
The definition of the generalized Rényi information can be
extended by replacing the bivariate distribution P (x, y) with a

2985

Cohen class [20] time-frequency distribution Cs (t, ω) of signal
s(t) with the following definition:
 
τ 
τ
1
∗
u
−
Cs (t, ω; φ) =
s
u
+
s
4π 2
2
2
∗ φ(θ, τ )e−jθt−jτ ω+jθu dθ dτ du.

(3)

The use of the Cohen class distribution permits a more
general solution, allowing for variable kernel selection. The
kernel function of the distribution is described by the φ(θ, τ )
term in (3). In other words, the theory described in this section
presents analysis for the general case of the Cohen class timefrequency distribution, while any distribution kernel could be
selected when applying the time-frequency mutual information
measure, including, but not limited to, the general (Cohen
class), spectrogram, Zhao–Atlas-Marks, Wigner-Ville, ChoiWilliams, or reduced interference distribution kernel [20]. In
this paper, we selected the spectrogram kernel for the timefrequency information because it has the desirable property
of nonnegativity forwarded by Williams et al. in [18] for
all time and frequency variables. To provide consistency of
discussion with time-frequency analysis in Section III-C, the
spectrogram here is defined as a Cohen class distribution as
seen in (3), where the kernel function φ(θ, τ ) is specified as
the spectrogram kernel given by
 



1
1
∗
(4)
φ(θ, τ ) = h u − τ h u + τ e−jθu du.
2
2
In addition, the spectrogram is a distribution that warrants positivity for all time and frequency variables, which is a desirable
quality for the bivariate distribution described by P (x, y) in (2)
and another reason why we selected the spectrogram for use in
this paper.
The order of the generalized Rényi information determined
by parameter α for the time-frequency distribution has been
investigated in [21] so that α = 3 is a reasonable selection, with
the exception of contrived counterexamples [18]. Hence, the
following information measure of the time-frequency distribution will be utilized in this paper:
 α
C (t, ω) dt dω
1
log2   s
.
(5)
Hα (Cs ) =
1−α
Cs (t, ω) dt dω
The metric Hα (Cs ) defined in (5) measures the number of
signal elements of s(t) over the time and frequency planes.
The Rényi information measure is a meaningful measure of
the time-frequency distribution, but it is only defined for a
single realization of a signal, e.g., self-information. If we have
a pair of signals closely related, how can we define or quantify
the interactions in terms of information? We will investigate a
generalization of the time-frequency information measure by
introducing the mutual time-frequency information.
In order to analyze the information of two closely spaced
components, the classical mutual information of two random
processes is extended to two time-frequency distribution functions. Let us consider the classical definition of the mutual
information that might be extended to the measure of mutual information of the time-frequency distributions. The joint entropy

2986

IEEE TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, VOL. , NO. , 2011

H(X, Y ) of a pair of continuous random variables (X, Y ) with
a joint probability density function p(x, y) is defined as
 
(6)
H(X, Y ) = −
p(x, y) log2 p(x, y) dx dy.
By chain rule
H(X, Y ) = H(X) + H(Y |X)

(7)

where H(Y |X) is the conditional entropy. Under the same
conditions, the mutual information I(X; Y ) is the relative
entropy between the joint distribution p(x, y) and the product
distribution of the individual marginal distributions p(x) and
p(y) as follows:
 
p(x, y)
.
(8)
I(X; Y ) =
p(x, y) log2
p(x) · p(y)
The relation of the mutual information I(X; Y ) and the joint
entropy H(X, Y ) is defined as follows:
I(X; Y ) = H(X) − H(X|Y )
(9)

Thus, it is necessary for us to define the cross time-frequency
distribution Js1 s2 (t, ω; φ) of the signal pairs S1 and S2 [22]
  

τ ∗
τ
1
u
+
u
−
s
s
Js1 s2 (t, ω; φ) =
1
2
4π 2
2
2
× φ(θ, τ )e−jθt−jτ ω+jθu dθ dτ du.

(10)

The kernel φ(θ, τ ) is equivalent to the kernel given in
Cohen’s class in (3), and the cross time-frequency distribution
satisfies the time and frequency marginal property under the
same constraints given in Cohen’s class. Consider a joint information of the time-frequency distribution Hα (Js1 s2 ) in terms of
the cross time-frequency distribution Js1 s2 (t, ω; φ) as follows:
H(S1 , S2 ) = Hα (Js1 s2 )

 α
J
(t, ω) dt dω
1
log2   s1 s2
=−
.
−α
Js1 s2 (t, ω) dt dω

(11)

However, one must be careful in defining the information
measure of the cross time-frequency distribution which is a
complex number. In addition, normalization of the distribution
is important for a proper bound of the information measure.
Therefore, instead of direct application of the generalized Rényi
information, consider the normalized cross time-frequency
distribution J s1 s2 (t, ω) as follows:
J s1 s2 (t, ω) = 

Js1 s2 (t, ω)
Cs1 (t, ω) · Cs2 (t, ω)

=

Rs1 s2 (t, ω)
Cs1 (t, ω) · Cs2 (t, ω)

+j

Qs1 s2 (t, ω)
Cs1 (t, ω) · Cs2 (t, ω)

= Rs1 s2 (t, ω) + jQs1 s2 (t, ω).

1
· {Hα (Cs1 ) + Hα (Cs2 )}
2
 
1
Q
log2
Iα (S1 ; S2 ) =
Qα
s1 s2 (t, ω) dt dω
1−α
−

−

1
· {Hα (Cs1 ) + Hα (Cs2 )} .
2

(13)

(14)

Then, the mutual information measure Iα (S1 ; S2 ) of S1 and
S2 is defined in terms of the in-phase time-frequency mutual information IαR (S1 ; S2 ) and the quadrature time-frequency
mutual information IαQ (S1 ; S2 ) as follows:
Iα (S1 ; S2 ) = IαR (S1 ; S2 ) + IαQ (S1 ; S2 )
= −Hα Rs1 s2 − Hα Qs1 s2

= H(Y ) − H(Y |X)
= H(X) + H(Y ) − H(X, Y ).

We can define the time-frequency mutual information measure of in-phase IαR (S1 ; S2 ) = −Hα (Rs1 s2 ) and quadrature
IαQ (S1 ; S2 ) = −Hα (Qs1 s2 ) as follows:
 
1
R
log2
Rsα1 s2 (t, ω) dt dω
Iα (S1 ; S2 ) =
1−α

(12)

= Hα (Cs1 ) − Hα (Cs1 |Cs2 )
= Hα (Cs2 ) − (Hα (Cs1 , Cs2 ) − Hα (Cs1 ))

Hα (Cs2 |Cs1 )
= Hα (Cs2 ) − Hα (Cs2 |Cs1 ) .

(15)

Therefore,
the
mutual
time-frequency
information
Iα (Cs1 ; Cs2 ) is the sum of individual time-frequency
information Hα (Cs1 ) and Hα (Cs2 ) and joint information
Hα (Cs1 , Cs2 ). For example, if s1 (t) = s2 (t), then Cs1 = Cs2
and Qs1 s2 = 0 such that
Iα (Cs1 ; Cs2 ) = Iα (Cs2 ; Cs2 ) = Hα (Cs1 ) or Hα (Cs2 ) .
(16)
Based on the mutual time-frequency information measure, we
investigate the efficacy of the proposed technique with realworld data sets. The experimental setup and data descriptions
are provided in the next section.
III. E XPERIMENTAL S ETUP AND DATA D ESCRIPTION
The Condition-Based Maintenance Research Center at the
University of South Carolina has an AH-64 helicopter tail rotor
drivetrain test stand for on-site data collection and analysis [1].
The test stand includes an ac input motor [Fig. 1(a)] rated at
400 hp to provide input drive to the configuration, a multishaft
drivetrain supported by hanger bearings, flex couplings at shaft
joining points, two gearboxes, and an absorption motor of
matching rating to simulate the torque loads that would be
applied by the tail rotor blades. The test stand, with picture
provided in Fig. 1(b), was used to collect data to be used in
conjunction with historic helicopter vibration data to develop
the baseline of operation for the systems under test. The signals
are collected during the operational run of the apparatus, including vibration data measured by accelerometers, temperature
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Fig. 1.
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Schematic representation of (a) the AH-64 helicopter tail rotor drivetrain test stand and (b) the actual test stand with labeled components for comparison.
TABLE I
L OADING P ROFILE FOR A 30-min BASELINE T EST RUN

measured via thermocouples, and speed and torque measured.
The measurement devices were placed at the forward and aft
hanger bearings and both gearboxes. This paper focuses on the
application of time-frequency techniques to the forward and
aft hanger bearing vibration signals denoted as S1 and S2 in
Fig. 1(a) and (b). The physical separation between accelerometers (which will further be referred to more generally as sensors)
on the bearings is 3.43 m.
A. Data Acquisition
The data acquisition software collects data from the hanger
bearings once every 2 min during the course of the 30-min
baseline runs, with the exception of two additional collection
periods at the start of the run, a total of 17 measurements. An
experimental run consists of an intermediate speed ramp from
0 to 600 r/min followed by a ramp from 600 to 4863 r/min. The
measurements for baseline characterization were then taken
during operation of the test stand at a constant rotational speed
of 4863 r/min from the prime mover, with a simulation of the
output torque at 111 ft · lb from the secondary. A summary of
the test conditions is given in Table I given a few conventions.
Rotational speed is the speed of the input shafts and hanger
bearings. Output torque is given by the torque at the output
of the tail rotor gearbox simulating rotor operation while the
torque applied to the input shafts and hanger bearings is equal
to 32.35 ft · lb.
Data collection yielded 65 536 points at a sampling rate of
48 kS/s per scheduled sampling period, which results in a data
collection time of roughly 1.31 s per acquisition. For each run,
data were acquired 17 times on these 1.31-s intervals: twice at
the beginning and then once every 2 min until the end of the
run. With individual data files containing 65 536 samples each,
the acquisition results in over one million data points per set,

which is too intensive for many processors to handle during
time-frequency analysis. In order to resolve this computational
issue and decrease the computation time, each data set under
test was divided into 17 experimental frames to correspond to
each time the sensor was activated to collect data. Each of the
17 experiments was then divided into 16 windows that
comprised 4096 points each. Within these subdivided windows, spectrogram measurements were made on both S1 and
S2 , while the mutual information measure was applied to
4096 point segments of S1 and S2 .
Additional windows can be determined by an overlap percentage which layers additional 4096 point windows within the
main 16 windows in a given experimental frame at intervals of
4096 multiplied by the overlap percentage in order to create
additional effective mutual information measurements from the
given data. An overlap of 33% was determined to provide
adequate clustering and enhance the probability density for
implementation of predictive confidence levels.
This overlap selection helps eliminate data outliers and improve the visualization of the clustering when applying the
time-frequency mutual information described in Section II to
multiple data points. Therefore, the total number of mutual
information measure points for the given data is equal to the
number of experimental frames (17) multiplied by the number
of window signal subsets (16) and the inverse of the fractional
overlap percentage (3), for a total of 816 mutual points or
272 mutual points when neglecting overlap components. The
data format of the time series is also provided in [14].
The configuration of the test stand uses balanced driveshafts aligned in a straight assembly as a baseline for normal
operations. After performing test runs in the baseline condition, intentionally faulted configurations are tested to expand
the baselines to include combinations of misaligned and unbalanced shafts. The goal of the time-frequency analysis is
to establish metrics for the baseline conditions using the
original data set and produce a set of metrics to diagnose
each of the unbalanced and misaligned conditions. The data
presented for analysis included five sets of 30-min runs of
the apparatus each taken with different alignment and balancing conditions. Table II displays these conditions and their
designations.
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TABLE II
TAIL ROTOR D RIVESHAFT E XPERIMENTAL S ETTINGS

B. Misalignment and Imbalance Experimental Conditions
The primary physical fault conditions characterized experimentally are bearing imbalance and shaft misalignment. An
overview of these settings helps in gaining familiarity with the
experimental setup. The nomenclature of the baseline sets is
dictated by numbered segments of the drivetrain. Each segment
of concern in the experimentation is designated by a number
(1 to 5) and coupled by flex couplings at the bearing locations
to hanger bearings. Imbalance is related to driveshafts which
exhibit geometrical or mass centerlines that do not coincide
with axes of shaft rotation (unbalanced–aligned (UB/A) and
unbalanced-misaligned (UB/MA) cases). These will be referred
to as the UB/A and UB/MA cases, respectively. Misalignment (misaligned-balanced (MA/B), UB/A, and misalignedunbalanced (MA/UB) cases) in the test configuration is
characterized by a change in bearing and shaft placement that
moves the number 3, 4, and 5 shafts from a straight alignment to
produce an angle of 1.3◦ . Either a 3–5 imbalance (imbalance of
three consecutive driveshafts) or a 4-5 imbalance (imbalance of
only two driveshafts) differentiates two experimental settings.
The aforementioned settings will be referred to as the MA/B
and UB/MA 3–5 and 4-5 cases. These settings produce additional wear on drivetrain components while also presenting additional transients in harmonics that can be measured for health
classification purposes. For the purposes of this paper, we
will simply refer to these cases as baseline [aligned–balanced
(A/B)], misaligned (MA/B), unbalanced (UB/A), and MA/UB
as shown in the nomenclature in Table II. Instances of ambiguity between the MA/UB cases will be specified as 3–5 misaligned or 4-5 misaligned.
Imbalance vibrations are generated when a geometrical centerline or a mass centerline of a shaft does not coincide
with the rotational axis of the shaft, for example, in cases of
bearing looseness or due to manufacturing imperfections. This
inconsistency between rotational axis and geometrical or mass
centerline creates a radial bow force Fu at a fixed relative phase
angle ϕ which varies in magnitude along the length of the
shaft as shown in Fig. 2(b). The imbalance condition creates
harmonically varying vibrations D on a hanger bearing housing, which are registered by dedicated accelerometers. These
varying vibrations consist of x- and y-axis radial vibrations,
z-axis axial vibrations, and torsional vibrations of a shaft in
a bearing [Fig. 2(b)], as well as additional vibration signal
contributions coming from coupled bearings, gearboxes, power
units, airframes, and other components. Each hanger bearing
on a helicopter system has only one dedicated accelerometer
in current settings, which can pick only the lateral x-axis
component of the vibrations [Fig. 2(c)] of the form
Dx = Ax · cos(ωt + ψx )

(17)

Dy = Ay · sin(ωt + ψy )

(18)

where Dx,y and Ax,y are the displacements and the amplitudes
of the displacements in the x- and y-axis directions, ω is the
angular velocity, and ψx,y are the phase angles.
Vibrations caused by imbalance will be in phase on both
bearing accelerometers S1 and S2 when (ϕy − ϕx = 0) and
will vary only in magnitude depending on the magnitude of
imbalance Fu . The driveshaft supported by the hanger bearings
at sensor locations S1 and S2 is not a uniform shaft but
rather a sectionalized shaft as previously described. Therefore,
misalignment cannot typically be avoided. It should be noted
that, as shown in Table I, the experimental data are gathered
under conditions of constant or near-constant torque load and
speed.
Misalignment in our case is considered as an angular misalignment when the shaft centerlines of the two shafts meet at
an angle with each other. This, on the contrary to imbalance,
causes axial preloads on the shaft in the z-axis direction and
can be decomposed to an x signal component based on the
angle of misalignment Fx = Fz sin(αm ). This force will have
the greatest impact on the bearing closest to the shafts’ coupling
point and will have a phase difference in reference to force
registered at a further located sensor (ϕy − ϕx = 0) [Fig. 2(c)]
because of finite stiffness and dampening in the system.
In industrial vibration monitoring, one would use shaft diagnosis techniques such as shaft centerline orbit monitoring,
which requires two x and y sensors at a single location and a
skilled human operator, which make such technique inapplicable in our case and justify the need for an advanced diagnostic
measure. The mutual information measure takes advantage of
two accelerometer signals located at different locations, simultaneously quantifying frequency and phase components of the
mechanical vibration signals.
C. Analysis via Spectrogram and via Rényi Information
A Cohen class time-frequency distribution utilizing the spectrogram kernel as detailed in Section II was used to identify
time-frequency signatures of different experimental setups. In
Fig. 3(a) and (b), a set of spectrograms of signal S1 is provided for the baseline shaft and the MA/UB shaft, selected
for its significant increase in transient time-frequency content
over the A/B case. The top portions of the figures are the
time series, and the time-frequency distribution is provided
in the same time axis. The classical power spectral density
results are summarized in Table III with dominant frequencies
common to both sensors determined by cross-power spectral
density calculations between S1 and S2 for each experimental
setting. Typical CIs measure changes in the spectra of one or
more sensors based on static power spectrum plots, similar
to this analysis. However, these characteristics and the key
frequency harmonics, as well as transient variations in these
harmonics, of the power spectral density can be visualized and
summarily expressed in the spectrogram plots of S1 and S2 .
The vibration signatures in the time-frequency domain exhibit
distinctive characteristics in the oscillatory nature of the system
harmonics.
From analysis of the spectrograms, the existence of the dominant frequencies seen from the power spectral density and cross
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Fig. 2. Imbalance force distribution over the shaft supported at the S1 and S2 accelerometer locations: (a) Cross section of a bearing and the shaft at the S1
accelerometer location, (b) shaft centerline orbits at the S1 and S2 accelerometer locations, and (c) displacement or vibration components in the x- and y-axis
directions (Du , Dm1 orbits when ϕy − ϕx = 90◦ ; Dm2 orbits when ϕy − ϕx = 120◦ ).

Fig. 3.

Spectrogram of S1 for (a) baseline (B/A) and (b) MA/UB (MA/UB 3–5).
TABLE III
N OMINAL F REQUENCIES AND H ARMONICS IN THE TAIL ROTOR D RIVE C OMPONENTS
C OMPARED TO D OMINANT F REQUENCIES OF THE BASELINE T ESTS

spectrum can be confirmed and can easily be seen as the highdensity stripes on the range of 23 Hz–4 kHz. For example, two
distinct frequency stripes can be seen in the aft hanger bearing
readings. The higher frequency stripe of these frequency stripes
(1.5- to 2-kHz range) is not found on the forward hanger
bearing. This frequency stripe is attributed to frequencies emanating from the tail rotor gearbox. The major differences in
the forward hanger bearing reading between the balance and
imbalance cases revolve around the increases in power related
to the 5- and 15–20-kHz bands. Higher frequencies, as shown
in Table III, typically coincide with contributions from the

intermediate and tail rotor gearbox mesh frequencies on S2 .
Metal-to-metal contact of faulted machinery has been known to
cause shock pulse energy and acoustic emissions near and well
above the 20-kHz human auditory range, possibly coinciding
with the frequency bands near 15–20 kHz; however, a sampling
rate of 48 kHz limits the investigation of these frequencies.
Furthermore, the number of signal elements on the timefrequency plane can be mathematically assessed using the
Rényi information measure. The Rényi information measures
of the time-frequency distribution in S1 [shown in Fig. 3(a)]
and S2 are 6.83 and 6.71 bits, respectively, using the equation
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Fig. 4. Rényi self-information measures of (a) S1 and (b) S2 for baseline. Rényi self-information measures of (c) S1 and (d) S2 for misalignment.

defined in (5). One can find more time-frequency signal components in Fig. 3(a) at the 15–20-kHz frequency bandwidth,
which results in a slightly higher value of the Rényi information
measure of the spectrogram in Fig. 3(a). In addition, the Rényi
information measures of the misaligned-case time-frequency
distribution of S1 [shown in Fig. 3(b)] and S2 are 7.83 and
6.93 bits. Comparing the spectrograms in Fig. 3(a) and (b)
illustrates that the spectrograms in Fig. 3(b) exhibit more
time-frequency components than those in Fig. 3(a), and one
can quantitatively confirm a reasonable measure of the timefrequency information using the Rényi information measure.
These differences and signatures on the time-frequency domain cannot be clearly distinguished from the traditional power
spectrum reading, a fact which is made apparent from the
quantitative reading of the Rényi information. Nevertheless,
the results obtained by the spectrogram are not sufficient to
describe mutual interactions between the signal pair of S1
and S2 in different experimental setups. In the next section,
we investigate the efficacy of the time-frequency-based mutual
information measure discussed in Section II in order to quantitatively characterize the experimental setups of the baseline and
misaligned shafts.
IV. R ESULTS AND D ISCUSSION
A. Comparison of Rényi-Derived Self-Information to
Classical Time–Frequency Methods
The first step of the analysis and discussion uses the Rényi
self-information measure defined in (5) to describe the individual time series. The Rényi self-information measures of S1 and
S2 for the baseline and misaligned cases are shown in Fig. 4.
Signal 1 S1 and signal 2 S2 in both the baseline (A/B) and

misaligned (MA/B) cases are processed by applying the eightpoint moving average filtering followed by Rényi information
calculation to obtain the self-information measure. Thus, for
every time instance of every experiment window of the data,
a Rényi calculation of each autocorrelated signal was gathered.
As shown in Fig. 4, a total of 272 self-information measures
were gathered for each signal of each case. Additional overlapping is used for x−y coordinate mapping used in visualizing
part health. In order to identify the tendency of the measure,
an eight-point moving average filter was applied to each signal
with the filter covering half of the time instances provided in
each experiment window. The results of this self-information
measure are compared side by side in Fig. 4 for each signal.
The referenced time instance (15th of the file frame at the
5th experiment window) is marked on each graph to show
consistency with the analyses in Sections I and III-C, which
use the same 4096 data points for the spectrogram.
Notable difference from the side-by-side comparison in
Fig. 4 is a sizable increase in the self-information measure of
the misaligned case over the baseline case. This could be a characteristic signature of a misaligned case. The self-information
measure shows a general increase at the given samples when
comparing the balanced–aligned (B/A) case with the misaligned case and an increase on the average of the measured
frames. The average self-information value of the baseline S1
signal is reported at 6.72 bits, while the average value of the
same signal in the MA/B case was 7.68 bits. Comparing the
second signal set S2 , we obtain a value of 6.78 bits compared to
7.31 bits for the same cases. However, from this derived metric,
the interpretation is yet unclear. This self-information measure
can be verified using the spectrogram example discussion in
Fig. 3. From these data, there is little other indication of change
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Mutual Rényi information measures of S1 and S2 for the (a) baseline–aligned, (b) aligned-unbalanced, (c) MA/B, and (d) MA/UB cases.

from the baseline case to another “faulty” status of the shaft.
Moreover, the Rényi self-information of S1 in the balanced
case in Fig. 4(a), as well as both signals in the misaligned
case, oscillates more compared to the Rényi self-information
of S2 of the baseline case (A/B). This could be attributed to
more high-frequency components shown in the time-frequency
spectrogram in Fig. 3(b).
While this self-information proves useful and shows a notable basis by which to compare data sets, it lacks potential
for comparison of closely related signals and, in this instance,
shows an increase when compared on average while not for
localized comparison. This only partly supports the desired
qualities of a CI, while further information can be gathered
from the mutual information measure. This mutual information
measure is a complex value and can be further subdivided into
two constituent values: an in-phase mutual time-frequency information (Iα (Rs1 s2 )) and a quadrature mutual time-frequency
information (Iα (Qs1 s2 )) defined in (13) and (14).
B. In-Phase and Quadrature Components of the
Time–Frequency Mutual Information Measure
The mutual information measures of the baseline and misaligned cases are shown in Fig. 5. An interesting trend can be
seen in the baseline case in Fig. 5(a). Overall, the in-phase mutual time-frequency information (Iα (Rs1 s2 )) stays mostly at a
constant separation from the quadrature mutual time-frequency
information (Iα (Qs1 s2 )). Both Iα (Rs1 s2 ) and Iα (Qs1 s2 ) of the
baseline case in Fig. 5(a) remain relatively constant throughout
all windows of the experiment. However, toward the end of
the sequence outlined in Fig. 5(a), the in-phase and quadrature
mutual information measure values begin to experience a larger
separation. These characteristics are all important to be noted

while considering what truly characterizes the baseline physics
of the system.
A glance at the mutual information from the misaligned case
in Fig. 5(b) draws attention to two distinctive signatures. First,
like the baseline case, the cospectral mutual time-frequency
information (Iα (Rs1 s2 )) remains relatively constant throughout all experiment windows with a large trough around experiment window 10 corresponding to a minimum value of the
quadspectral mutual time-frequency information (Iα (Qs1 s2 )).
Second, the quadrature component has a larger average value
over the length of the experiments than was seen in the quadspectral component in the baseline case. Also, the quadspectral
component in the misaligned case fluctuates greatly, showing
greater amounts of local minima and maxima. Although the
quadspectral information in the misaligned case revealed a
significant rise in the number of bits in the mutual information
measure, the cospectral portion showed little increase over
the experiment windows measured. By comparing the results
in Fig. 5 with other results by classical spectral analysis or
traditional spectrogram, one can find the usefulness of the
proposed technique for a quantitative health condition assessment of the experimental setup. Further analysis is underway to
understand the relationship between the time-frequency mutual
information method and other confounding factors such as
speed and torque, isolating the sources of transient changes in
the vibration signatures.

C. Time–Frequency Mutual Information Measure
Visualization and Statistical Analysis
The mutual information measure currently in development
and shown in Fig. 6 provides a graphical interpretation of
part condition by analyzing the amount of mutual data shared
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Fig. 6. Baseline comparisons of the mutual information measure: (a) Aligned-unbalanced, (b) MA/B, (c) MA/UB 3–5, and (d) MA/UB 4-5 cases with the A/B
case.

between two vibration signals received from separate accelerometers. The mutual information measure is composed of
a quadrature component and an in-phase component which, by
observation, seem to indicate differences in the actual physics
of the system. Fig. 6 shows the scatter plot distribution of
the in-phase component of the measure on the x-axis and the
quadrature component of the measure on the y-axis. In the condition of system imbalance, as shown in Fig. 6(a), (c), and (d),
which compares the misaligned and unbalanced experimental
settings to the standard baseline, the in-phase component shows
a potential trend toward a decrease in information bits.
Similarly, misalignment can be observed to decrease the
number of information bits of the measure contained in the
quadrature component, shown in Fig. 6(b) and (d). As a distribution, these values can be seen to shift along the x–y
plane, indicating a shift in part or system status. Additional
studies should be analyzed and compared to determine if these
trends are truly linear as they appear to be from observation.
It would appear that those in Fig. 6(c) and (d), which were
tested under both misalignment and imbalance conditions, as
well as combination settings, have differing degrees of misalignment and imbalance, yielding different distributions which
follow the established trends along the quadrature and in-phase
components. Included in Table IV is reference for the statistics

related to both spectra of the mutual information measure
proposed. Future studies of this indicator method could focus
on varying states of misalignment and imbalance to determine
a quantifiable relation between the x–y distribution shift and
part health. Differences in this mutual information measure
could be further developed into an increased precision statistical
indicator of part or system health status.
V. C ONCLUSION
Drawing from Rényi complexity measures and mutual information theory, baseline, unbalanced, and misaligned experimental settings are quantitatively distinguished by the proposed
mutual information technique. Statistical analysis of the timefrequency information measure from Table IV shows variances
in the proposed in-phase and quadrature information measures
of 0.0070 (STD of 0.0837) and 0.0054 (STD of 0.2324),
respectively, for baseline test-bed conditions in opposition to an
increased in-phase information measure variance of 3.33 (STD
of 1.8258) in repeated unbalanced test cases and an increased
quadrature information measure of 1.7497 (STD of 1.3228)
in repeated misaligned cases. With imbalance quantifiable by
variance in the in-phase mutual information and misalignment
quantifiable by variance in the quadrature mutual information,
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TABLE IV
S TATISTICAL S UMMARY OF THE M UTUAL I NFORMATION M EASURE

machine health classification can be accomplished using statistical bounding regions. In summary, the baseline can be characterized with a constant separation on a per-time-instance basis
of the mutual information measure. The misaligned case may
be characterized by its quadrature component. This component
shows the misalignment in a relatively large increased number
of bits from the information measure. However, similarity still
remains in the in-phase component whether the case is aligned
or misaligned. The authors are interested in the fusion of other
types of sensors in order to obtain extended information for
more accurate assessment of the health status. Data could
be gathered from vibration, acoustic, and temperature sensors
and correlated to present a single more robust HI [24], [25].
Furthermore, analysis of these values can yield great insights
into the physics behind systems such as the system under study
which provided the mechanical vibration data, providing either
a simple summary of component health for an operator or a
complex interpretation from a knowledgeable engineer in order
to fully achieve CBM.
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