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DATA-DRIVEN NONLINEAR TECHNIQUE FOR CONDITION MONITORING 

ABSTRACT 

L.M. Hively 
Engineering Technology Division 
Oak Ridge National Laboratory 

Oak Ridge, TN 3783 1-8066 

This paper describes a sensitive technique for distinguishing changes in a nonlinear process. The method 
obtains a phase-space (PS) representation of the process, which in turn is converted into a probability 
density function (PDF). Condition change is monitored by comparing two PS-PDFs via a x2 statistical 
measure. One example application involves monitoring of brain waves to distinguish various states in an 
epileptic patient. A second example distinguishes different drilling conditions from spindle motor current 
data, A third example distinguishes balanced and unbalanced pumping conditions from power data. 

INTRODUCTION 

A deviation from normal process conditions can indicate performance degradation or the onset of imminent 
failure. Real- or near-real-time monitoring of the process condition can detect this deviation in data from 
current, voltage, acceleration, acoustic emission, pressure, power, etc. Prompt response to a significant 
deviation can help to maintain optimal performance and can avert disastrous failure. 

PHASE-SPACE CONSTRUCTION 

Condition monitoring begins with experimental data that capture the process dynamics. The implementation 
of our method typically requires at least 10,000 data points with at least 7 active bits of digitization for a 
robust statistical representation. The time-serial data (xi) occur at equally spaced times (ti). 

From the experimental data, we extract a nonlinear statistical parameter, called the mutual information 
function (MIF) which is a nonlinear analog of the auto-correlation function. MIF was formulated by 
Shannon and Weaver [l] and was applied to time series by Fraser and Swinney [2]. MIF measures the 
average igformation (in bits) that can be inferred from one measurement about a second measurement, and 
is a function of the time delay between measurements. The first minimum in the MIF indicates the shortest 
time lag (A = ti - 5) when the signal, x(ti), is decorrelated from ~(5). We define a minimum as two 

successive decreases in x(t), followed by two successive increases in x(t). To capture the process dynamics, 
we measure the adequacy of the sampling rate as X 2 10 timesteps and the average number of timesteps per 
cycle as 25.  

Next, we convert the time-serial data into a geometric (or phase-space) representation [3-4]. A two- 
dimensional version of this phase-space plot involves construction of lines between the sequence of points 
(xi, xi+ L). The value for the index (i) runs through the dataset, and the lag (L = A) comes from the first 
minimum in the mutual information function, as described in the previous paragraph. The resulting 
geometric figure is very complex, showing topological regions preferred and avoided by the dynamics. A 
three-dimensional diagram involves construction of lines between the sequence of points (xi, xi+L ,  xi+^ ). 
The lag ( L ) also comes from the first minimum in the MJF (i.e., L = M2). The general case involves a d- 
dimensional point of the form, y(i) = [xi, X~+L , ... , Xi+(d-l)L 1. The lag is L = INTC0.5 + M(d-1)], where 
INT( ...) denotes conversion of a decimal number to the next smaller integer (e.g., 3.14 becomes 3). The 
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highest dimensionality (d) for this representation occurs when INT[0.5 + M(d-l)] = 1. The general 
representation requires that the sequence of points be connected to form a ddimensional topology, then 
subsequently compared to a companion phase-space diagram to detennine a condition change. A 
quantitative visual comparison of phase-space representations is very difficult in two dimensions, and 
essentially impossible in three or higher dimensions. 

CONSTRUCTION OF THE PHASE-SPACE PROBABILITY DENSITY FUNCTION 

Visualization of the three (and higher) dimensional phase-space is difEcult. Consequently, we next 
discretize the d-dimensional vector, y(i), into N equally spaced bins in each coordinate direction. 
Specifically, we convert each component of y(i) into an integer (1 5 J s N) by the formula, J = INTIN(xi - 
x,,)/(xx - x,)] + 1, where INT is the integer function (defined above). The symbols, x, and x,, denote the 
maximum and minimum of the xi vdues over the whole dataset, respectively. We must choose the number 
of bins (N) to be consistent with the data precision (e.g., for 12-bits of precision, N must be less than 
4096). A value of N=50 adequately represents the dynamics for the example cases. 

. 

From this discretized version of the phase space, we subsequently co.+mct a probability density function 
(PDF) by incrementing the population of the appropriate d-dimensional bin by one, corresponding to the 
discretized coordinates of each y(i). This PDF does not have information about the connectivity between 
y(i) and y(i+l), which the phase space diagram does display. However, as noted above, the phase space 
diagram is complex and difficult to visualize in three or more dimensions. Moreover, high (low) PDF 
densities indicate domains that the process visits frequently (seldom). Thus, the topology ofthe PDF is 
equivalent to a phase-space diagram. 

The subsequent discussion uses “PDFs” to indicate use of the above methodology for constructing two-, 
three-, and four-dimensional probability density functions. First, we construct PDFs for a base case, with 
the notation: PZ = two-dimensional PDF, P3 = three-dimensional PDF, P4 = four-dimensional PDF. We next 
obtain PDFs for an unknown condition from the same process, with the notation: Q2 = two-dimensional 
PDF, 43 = three-dimensional PDF, 44 = four-dimensional PDF. 

COMPARISON OF TWO PHASE-SPACE PROBABILITY DENSITY FUNCTIONS 

We next compare PDFs for the unknown process state (Qi ) to the corresponding base-case PDFs (Pi). The 
occurrence frequency in each bin of Qi is scaled so that the total population (sum over all the bins) is the 
same as that in the total population of the corresponding Pi. Thus, the population in each bin of Qi is scaled 
to CQi where the scale factor is c = (total population of Pi)/(total population in Qi). We compare the base- 
case and unknown-case PDFs by a x2 statistic: 

We use the first term in each equation if the denominator is 210. A bin population of 4 0  causes 
significant inaccuracy in xi2 [SI, in which case, we pool all such sparse populations into a single bin for the 



base case (Pis) and for the cutset (Q~s).  We subsequently determine the contribution of these sparse 
populations to xi” via the second term in each equation. We further note that a normal distribution 
approximates xi2 when the number of bins is large (>30), for which the normalization is Xi = (xt -v)/(2v)”, 
with v = number of bins contributing to the sum, minus one [6]. 

We also use a second measure for comparative purposes based on the entropy of the two-, three-, and four- 
dimensional PDFs: 

N 

The first factor in Equations 4-6 normalizes the entropy (ei) to have a range between zero and unity. PDF 
bins with zero population make no contribution to the sum because z h(z) - 0 in the limit of z -0. 

RESULTS FOR BRAIN WAVE DATA 

We began with sixteen channels of human bipolar-montage electroencephalogram PEG) data in analog 
form on VHS tapes. We converted 23-45 minutes of data to digital form with 12-bit precision at a sampling 
rate of 5 12 hertz. Three epochs of data were examined: non-seizure, transition from non-seizure to seizure 
(transition), epileptic seizure, and post-seizure. We chose to analyze only channel 13 which was closest to 
the patients’ right eye, as a demonstration of our zero-phase, quadratic filtering method for removing low- 
frequency EEG artifacts due to eye blinks and muscle twitches [7]. 

Application the above methodology to this data yields PDFs for the non-seizure, pre-seizure, seizure, and 
post-seizure brain activity. The value of the first minimum (A) in the mutual information function typically 
varies between 10-50 timesteps during the non-seizure period, so we fix A at the value for the base case 
(the first 200 seconds of data) for all subsequent analysis. Figure 1 shows a x” comparison of the base 
case to cutsets (20-second data segments, having a 10-second overlap with the previous cutset) for two-, 
three-, and four-dimensional PDFs. The plots show Xj (solid curve) for each cutset, along with a running 
average of Xi (dashed curve) over eleven consecutive cutsets, plotted at the central (sixth) point of the 
averaging window. Xi is maximum during the clinical seizure, which occurs from 966 - 1035 seconds 
(between the two vertical lines in each subplot on either side of 1000 seconds). The horizontal line across 
each subplot lies at a gaussian probability value of P(X,) = 0.999999, or Xi = 4.75, corresponding to a 
probability of loa that the PDFs are not different. Most Xi values lie above 4.75, indicating high 
variability in brain dynamics, even in the non-seizure state. Xi begins a monotonic rise to the seizure peak, 
beginning at 930 seconds, consistent with the pre-seizure activity in the phase-space PDFs (not shown). 
Large excursions occur in Xi beginning at 550 seconds (X, > 41.5). Xi remains above 4.75 after 520 
seconds for Xz, and after 460 s for X3 and &. Beginning at 500 seconds, the average values of X3 and & 
remain above the non-seizure average. We interpret these latter features as seizure predictors. This example 
is one of ten EEG datasets that we have analyzed with similar success. 



RESULTS FOR DRILLING DATA 

We began with one channeI (15 seconds) of current data from one phase of a three-phase spindle motor 
during a drilling operation. The a spindle speed was 29.2 revolutions per second with a feedrate of. 0.3556 
millimeters per revolution. The data were low-pass filtered with a cutoff fiequency of 20 kilohertz, and 
sampled at 60 kilohertz. We acquired twenty datasets-for five successive cuts by 16.669 millimeter 
diameter carbide-tipped, titanium nitride coated, drill bits in four different conditions: reground new design, 
worn new design, damaged new design, and worn old design. We removed low-frequency variations at 220 
hertz with a zero-phase, quadratic filtering method, leaving a chaotic signal for subsequent analysis. 

We used the first cut by the reground new design drill bit as the base case. Application of the PS-PDF 
methodology to these datasets yielded a sequence of points, (XZ, e), as shown in Figure 2 with the 
following symbol designations: solid dots (0 )  for reground new design drilling, open circles (0) for worn 
new design drilling, ‘x’ for damaged new design drilling, and plus signs (+) for worn old design drilling. 
The lines connecting each group of points indicate the cutting sequence in the original experiment, showing 
a clear progression through the (x2, ez) parameter space for condition monitoring. The reground newdesign 
drilling data forms a distinct cluster, but the points for the other data groups are somewhat intermingled. 
Figures 3-4 display the results for (X3, e3) and (x, e,+), which are very similar, indicating that we gain little 
new information by using the four-dimensional PS-PDF. The only overlap among of the four data groups 
for these last two figures occurs in the progression for worn new design and damaged new design drilling. 
The combination of (X3, e3) monitors the progression of drilling dynamics for each group and distinguishes 
among the different drill bit conditions. 

RESULTS FOR PUMP POWER DATA 

We began with one channel of total electrical power to a three-phase, two-pole motor, directly driving a 
five-vane centrifugal pump at 58.5 revolutions per second. The data spanned 14 seconds at a sampling rate 
of 5 kilohertz (a total of 70,000 data points), andtypically varied between 3,500 - 5,800 watts. The two 
datasets were for a mechanically balanced and unbalanced conditions. 

We divided both datasets into seven 10,000-point non-overlapping cutsets for seven separate condition 
comparisons. We used the above methodology with the i-th cutset for the balanced state as the base case, 
and the i-th cutset for the unbalanced state as the corresponding unknown. The phase-space topology 
formed a double loop for all of the cutsets, with slightly different gaps for the two conditions. Figure 5 
shows X2 >20 throughout the comparison. This result indicates a very significant difference between the 
datasets, equivalent to more than twenty standard deviations fiom the mean of a gaussian distribution. 

CONCLUSIONS 

We describe a new method for condition monitoring, based on nonlinear analysis of noisy experimental 
data with finite precision and modest dataset lengths. We use x2 and entropy measures to compare a base- 
case phase-space probability density function to that for unknown states of the process. We have used this 
methodology on human brain wave data to detect and predict epileptic seizures. This approach monitors 
tool wear by distinguishing different conditions of a drill bit, and successive cuts by the same drill bit. The 
method can discern balanced and unbalanced pumping conditions fiom power data. Success for these very 
different processes provides evidence that the condition monitoring method applies generally to any 
nonlinear dynamics. We welcome queries about potential applications for advanced biomedical diagnosis 
and machine/process monitoring. We are seeking patent protection on novel components of the method. 
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Figure 1: Xi comparison of base-case and cutset dynamics for EEG dataset #c8492 via the (a) two-, (b) 
three; and (c) four-dimensional phase-space probability density function method. 
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Figure 2: Two-dimensional condition comparison (e2 versus X2) for drilling data, with the following symbol 
meanings: solid dots (0 )  for reground new design drilling, open circles (0) for worn new design drilling, 'x' 
for damaged new design drilling, and plus signs (+) for worn old design drilling. 
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Figure 3: Three-dimensional condition comparison (e3 versus X3) for drilling data, with the following 
symbol meanings: solid dots (0 )  for reground new design drilling, open circles (0) for worn new design 
drilling, 'x' for damaged new design drilling, and plus signs (+) for worn old design drilling. 
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Figure 4: Four-dimensional condition comparison (eiversus &) for drillimg data, with the following symbol 
meanings: solid dots (0 )  for reground new design drilling, open circles (0) for worn new design drilling, 'x' 
for damaged new design drilling, and plus signs (+) for worn old design drilling. 


