
Conference paper to be submitted to ANNIE ‘97 Neural Networks, Fuzzy Logic, Data Mining 
and Evolutionary Programming for Designing Smart Engineering Systems, November 9- 12, 
1997, University of Missoui, Rolla, MO 

Machine Condition Monitoring Using Neural Networks and the Likelihood Function 

R. B. Vilim, H. E. Garcia and F. W. Chen 
Argonne National Laboratory 

Reactor Analysis Division 
Argonne, IL 60439 

The submitted manuscript has been created by the 
University of Chicago as Operator of Argonne 
National J-ahratw (‘Argonne”) under Contract No. 
W-31-109-ENG-38 with the US. Department of 
Energy. We US. Government retains for itself, and 
othea acting on its behalf, a paid-up, non-exclusive, 
irrevocable worldwide license in said article to 
reproduce, prepare derivative works, distribute 
copies to the public, and perform publicly and 
display publicly, by or on behalf of the Government. 

*Work supported by the U S .  Department of Energy, Nuclear Energy Programs under Contract 
W-3 1-109-ENG-38. 



This report was prepared as an account of work sponsored by an agency of the 
United States Government. Neither the United States Government nor any agency 
thereof, nor any of their employets, makes any warranty, express or implied, or 
assumes any legal liability or responsibility for the accuracy, completeness, or use- 
fulness of any information, apparatus, product, or process disclosed, or represents 
that its usc would not infringe privately owned rights. Reference herein to any spc- 
cific commercial product, process, or service by trade name, trademark, manufac- 
turer, or otherwise docs not necessarily constitute or imply its endorsement, recom- 
mendation. or favoring by the United States Government or any agency thereof. 
The views and opinions of authors expressed herein do not neccssarily state or 
reflect those of the United States Government or any agency thereof. 





MACHINE CONDITION MONITORING USING 
NEURAL NETWORKS AND THE LIKELIHOOD FUNCTION 

R.B. VILIM, H.E. GARCIA AND F.W. CHEN 
Argonne National Laboratory 

ABSTRACT: 
A model-based technique incorporating neural networks has been developed for 

process monitoring. The technique is-intended for processes where the uncertainty in the 
reference model is larger than desired but where process measurements providing additional 
information about the behavior of the system are available. This data is used to reduce the 
uncertainty of the model. The technique has been implemented in a real-time system for 
monitoring operational changes of mechanical equipment for use in predictive maintenance 
applications. Tests on a peristaltic pump were conducted and demonstrate the advantages 
of the proposed technique. 

INTRODUCTION 

The model-based approach to the detection of incipient failure of machinery compares process 
outputs in the time domain with the corresponding outputs from a reference model. The residual 
so formed provides a measure of process drift and can be interpreted to indicate the state of the 
equipment [ 1,2]. However, to implement this approach requires a priori knowledge of the plant 
model. Often, the plant model is not completely known due to modeling errors and variations in 
parameters of the system related to manufacturing tolerances. The drawback then is that the ability 
to detect performance changes is adversely effected. 

Typically, after an initial burn-in period, the characteristics of a component are stable and 
the probability of failure is small. One would like to take advantage of operating data during this 
time period to refine the anal>-tic model so it more accurately represents the component’s 
characteristics. However, performing the required first principle modeling studies on an installed 
component is not usually practical. 

The approach described in this paper is to augment the analytic model with a neural network 
so that the state equation is the sum of a first principles model and a mapping that is to be 
determined. During the early phase of component operation the network is trained to capture the 
difference between the true plant and the analytic model. After learning this map, the stochastic 
parameters that represent the model uncertainty are estimated with the maximum likelihood method. 
The component is then monitored over the remaining life using a likelihood ratio test. The test 
examines the statistical behavior of the residual and detects when the process begins to deviate from 
normal operating behavior. Because the component has been modeled more accurately than if only 
an analytic model had been used. the detection sensitivity and reliability of indication should be 
improved. 

UNCERTAIN SYSTEM MODEL 

The unmodeled processes still contribute to the balance of conserved quantities and thus 
have a place in the state equations. The manner of their representation via a neural network is 
determined by how general we \\-ish to be. It is assumed that the unmodeled processes do not 



introduce additional state variables and that the mode led  processes involve the transfer of mass, 
energy and momentum between existing lumped parameter nodes along pathways that are already 
modeled and possibly along new ones. Representing these unmodeled exchanges and their 
interaction with the known physics by vector functions and g,, they appear in the steady-state 
equations as 

where 

X: 
U: 

Y: 

the state vector (mxl), 
the input vector (rxl), 
the output vector (nxl), and 

where the subscriptfim denotes the first principles model, nn denotes neural network model, and 
w represents the neural network weights. 

The states, x, and the neural network weights, w, in the above equation are calculated by 
fitting the equation to the measured process data. If k denotes a time at which the forcing functions 
u and outputs y are sampled, the error E is minimized with respect to x and w as follows: 

where rnoc is the maximum operating condition, i references the elements of fam and L, j references 
the elements of g,, and g,,, and K is the length of the training window. A maximum operating 
condition rnoc, is defined for each element of f!,, and (y - g,,,) and is the maximum magnitude 
reached by the element over all sample times. It is necessary to divide by the maximum operating 
condition, otherwise the solution may be biased toward the solution of either the state or the output 
equation. 

The model must be accompanied by an error statement to be useful in the kinds of 
applications described at the outset. If x, (where a denotes approximate) is the value of x 
calculated after fitting the equations to the data, then 



x = x, + tX 

where 6, is a random vector. Then the system model is 

(4) 

where 
q: 
6": 
6": 

random zero mean vector representing output noise, 
random zero mean vector representing input noise, and 
random zero mean vector representing state equation error and dependent on tX. 

The vectors Sr, tu, and q are assumed independent of each other. 

output as a function of only random variables that are independent of each other: 
The above equations are linearized to obtain an error propagation formula [3] to obtain the 

where A, B, C, D are linearization matrices. 

MONITORING USING THE LIKELIHOOD FUNCTION 

The error propagation formula of Eq. (7) is used to write the likelihood function for the 
system. If the vectors k ,  4,and q are normal and their variances are Q, Q, and R, respectively, 
then the variance of y is 

K = CA-'Q,(CA-')T + (D-CA-'B)Qu(D-CA-lB)T + R. 

Given ordered pairs of input and output measurements (ul, yl), ( ~ 2 ,  yz), . . . (uN, yN) and values 
for Q, and R, the log likelihood function is 

- In f(y,,y2, ...yJ = - nN In 2n + 2 N 1  Zln(/Kil) + --(~~-p)~Kc'(y-p)~. 1 
2 i=l  

(9) 

where 



The maxirnum likelihood method [4] is used to estimate the uncertainty represented by the 
covariance matrices Q,, Q, and R. The maximum likelihood solution are those values that 
maximize the likelihood hnction, or equivalently, minimize the negative of the log likelihood 
function given by Eq. (9). 

The on-line test is based on the likelihood ratio test of Wald[S]. Suppose that a random 
process r uncorrelated in time is normally distributed with zero mean and depends on the parameter 
6. The likelihood of observing r, given the parameter value 6, is denoted f(ri,6,). The task is to 
decide as each new observation becomes available what is the value of 6. If the choice is between 
two values, 6, and 6,, then form the following test statistic: 

based on the sequence of observations rl, r,, ... rm. Form two hypotheses: H, that the parameter 
value is 6,, and H, that the parameter value is 6,. The decision process is 

If S, I B terminate and accept H,, else 
If B < S, < A continue sampling, else 
If S, 2 A terminate and accept H, 

with the probability that the wrong decision will be made given by 

B =- 1 -P andA=- 
1 -a a 

where a is the probability that the test will result in the selection of H, when hypothesis 0 is correct 
and p is the probability that the test will result in the selection of I& when hypothesis 1 is correct. 

The likelihood ratio test is used to decide with the arrival of each new measurement sample 
when the model is no longer a statistically valid representation of the measurements. We look 
specifically for a drift in the plant away from the model characterizing the drift in terms of the 
parameter 6 defined to be the difference between the mean of the model output and the plant output. 
At the beginning of monitoring 6, its value will be zero. If, however, there is a degradation in the 
plant, then 6 will no longer be zero. To monitor its value, we need to first form the residual vector 

defined as the difference between the plant output y meaS and model output ! for input y. Suppose 
that failure is to be declared when the plant mean has drifted away from tl : model by an amount 
6=6bad. Define two hypotheses: &, where 6=0; and H, where 6=6,,d. The decision as to whether 
or not a failure has occurred is then given by Eq. (1 1). The probability that a decision is incorrect 
is given by Eq. (12). 



APPLICATION 

A peristaltic pump was monitored in a laboratory demonstration of the method. The goal 
was to learn the relationship between speed and power during normal operation so that abnormal 
operation could be detected. Normal operation involved pumping water at a number of different 
flowrates through a circuit with fmed hydraulic characteristics. The operational anomaly involved 
introducing a partially degraded pump component. By monitoring the change in the electrical 
power consumed by the motor at a given speed it was possible to provide an incipient failure 
indication. 

A picture of the experimental setup is shown in Fig. 1. It consists of the pump speed 
control module, the peristaltic pump, two current sensors, a computer equipped with a plug-in 
data acquisition (DAQ) board to implement an I/O front-end computer, a workstation to 
implement a monitoring computer, and supporting equipment such as a power supply, a terminal 
box, a local area network, Ethernet boards, cables and wires. 

The model for the physical system is given by 

where tu, tr, and q have covariances Q, Q, and R and where 

U: 

Y: 
rim: 
B: 
0: 
T,: 
fH: 

D,: 

KP: 

L: 

P: 

is the electric power of the motor averaged over at least one complete rotation of 
the pump shaft, 
angular velocity of the pump, 
is the efficiency of the motor and pump, 
is the viscous coefficient of the pump shaft, 
is the angular velocity, 
is the viscous coefficient of the pump rollers, 
the friction coefficient of the hydraulic circuit, 
length of the hydraulic circuit, 
hydraulic diameter of the hydraulic circuit, 
the density of the fluid, and 
the proportionality constant relating flowrate to angular velocity. 

The error in this model was about ten percent for the parameter values used. 
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Fig. 1.  Picture of the Experimental Setup 

As an example of the monitoring capability an experiment was run to determine .whether 
degradation of rhe peristaltic pump tube wall could be detected as an event lying outside the 
normal operating envelope. The pump was run for a period of 24 h, long enough to induce 
visible changes in the silicone tube. Fine cracks in the tube wall and a change in cross section 
at the unloaded condition from round to oval were observed. The tube did not leak, however. 
The values of the two test measures are shown in Fig. 2 as a function of time. The data presented 
has been spliced from three separate measurement collection intervals. The middle segment 
(samples 12 through 38) was recorded while the pump ran with a damaged tube while the two 
ends correspond IO a new tube. The data shows that both tests correctly signal the change in the 
operating condition of the pump. The S,, indicator in the hypothesis test (left figure) correctly 
registers that the pump operation was abnormal between samples 12 and 38. Similarly, the 
measured back e m f  moves outside of the 20 interval when the damaged tube is inserted and then 
returns when the good tube is pur back (right figure). This same test performed with the physics 
removed from Eqs. (14) and (1 5 I while retaining the same neural network structure was not able 
to detect the change in performance. 
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Fig. 2. Detection of Degraded Tube Condition 

CONCLUSION 

A method for obtaining a real-time model of an uncertain physical system was presented. 
Those processes that can be readily interpreted as conservation balances are written as a set of 
equations. Processes that are not as easily modeled are represented as a mapping from plant 
inputs to outputs and this mapping is acquired using a neural network data fitting technique. The 
proposed method combines both representations into a single model structure. The technique has 
been implemented in a real-time system for monitoring operational changes of mechanical 
equipment for use in predictive maintenance applications. Tests on a peristaltic pump were 
conducted and demonstrate the advantages of the proposed technique. 
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