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INTRODUCTION 

For several decades , computerized information processing systems and 
human information processing models' have developed with a good deal of 
mutual influence. Any comprehensive psychology text in this decade uses 
terms that originated in the computer industry, such as "cache" and 
"memory", to describe human information processing. 
engineers today are using "artificial intelligence" and "artificial neural 
network" computing tools that originated as models of human thought to 
solve industrial problems. This paper concerns a recently developed 
human information processing model, called "concurrent information 
processing", (CIP) and a related set of computing tools for solving industrial 
problems. 

Likewise, many 

The problem of focus is adaptive gauge monitoring. 

DISCUSSION OF CIP 

The key distinguishing feature of human and artificial neural networks is 
their capacity to learn how to solve problems from input data, 
automatically. 
human or artificial, is their capacity to perform adaptively under a wide 
variety of conditions -- so wide a variety that pre-programming to 
anticipate all possible contingencies would be impossible. 

The key practical benefit of neural networks, be they 
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For example, an artificial neural network may be "taught" how to predict 
each gauge in an industrial process as a function of other gauges 
measurements in the process, at every point in time. Once the prediction 
function for each gauge has been learned, each observed gauge value can 
be compared to its predicted value and monitoring warnings can be given 
whenever observed values are deviant from predicted values. Whether 
artificial neural networks tools are used to identify prediction functions or 
not, monitoring in this report will be viewed as comparing observed values 
with predicted values to obtain deviance values. 

Statistical estimation or first-principles modeling can be used to obtain 
prediction functions for monitoring along the same lines as artificial neural 
networks, with one notable exception. Statistical/first principles methods 
require heavy manual effort, to the extent that identifying useful 
prediction functions for monitoring purposes may be impractical. 
contrast, artificial neural networks offer the promise of automating the 
prediction phase considerably. 
delivered in recent years in that artificial neural network tools are now 
being routinely used to produce prediction equations by engineers and 
other information professionals with little or no formal statistics training. 
However, even artificial neural network tools require considerable thought 
and effort as part of the prediction equation development process. 

I 

By 

This promise has been at least partly 

Although they differ in analysis specifics, the .above alternatives share one 
common element. 
data to establish input-output prediction functions. Training data sampling 
and analysis may be automated to an extent, but substantial data 
gathering and parameter estimation effort is usually required. 
time-consuming analysis effort should be repeated whenever relationships 
between input and output variables change. For example, analysis should 
be routinely repeated when new influent batches of raw material are 
introduced into a continuous process, instrumentation and control 
equipment characteristics change due to wear, or changes in ambient 
conditions affect instrument performance. Unfortunately, training data 
analysis is too difficult to repeat as often as may be prudent under such 
conditions. 

Each requires analysis of previously sampled training 

Also, this 

CIP tools are similar to the above alternatives in that they monitor by 
comparing observed measurements to predicted measurements, CIP 
prediction models are also closely related to the above alternatives, 
especially statistical linear and non-linear regression tools. 
augment the above alternatives (called conventional in the sequel) in 

CIP tools also 
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several useful ways. First, CIP tools predict and monitor each among 
several variables in a set as a function of all remaining variables in the set 
simultaneously and quickly, 
variables. 
equations in real time to exclude missing measurements that may be 
caused by malfunctioning instruments. 
differential learning weights so that more recently gathered data has more 
impact on learning and monitoring than less recently gathered data. 

even when the set includes thousands of 
Second, CIP tools can adjust their prediction and monitoring 

Third, CIP tools can assign 

Along with these three useful added features, CIP Tools have one key 
distinguishing feature: the capacity to update learning automatically, 
during rapid data arrival. 
previously sampled training data, CIP tools learn continuously as part of 
the data gathering process. 
unique CIP capacity to adapt monitoring immediately while instrument 
relationships are changing. 

That is, rather than requiring off-line analysis of 

The resulting distinguishing benefit is the 

For example, suppose that 
along with the capacity for computer entry of each gauge value every 
minute, 
whether on not its observed value deviates from its predicted value to the 
point that it falls outside a tolerance band. A simple way to identify such 
tolerance bands is to base them on "learned" means and standard, 
deviations of historical values for each gauge. More precise tolerance bands 
along with more sensitive monitoring may be established by comparing 
observed gauge values to predicted values as functions of other gauge 
values that have been learned from historical data. Conventional tools 
may be used to identify the required 2,000 prediction functions separately 
from training data prior to actual use for monitoring. By contrast CIP tools 
may be setup to receive each of these measurements every minute and 
quickly learn how to predict each from all the others automatically, during 
the data gathering process. 

an industrial process includes 2,000 gauges, 

Each gauge value may be monitored every minute by assessing 

By contrast with conventional monitoring, CIP monitoring begins as soon as 
data gathering begins, 
measurement prediction statistics have not yet been precisely learned. 
Monitoring precision increases rapidly, however. 

Initial monitoring is imprecise because 

Several case studies have 
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shown 192,394 that tolerance bands are sufficiently narrow for useful 
monitoring after fewer than 10 trials, even when several hundred 
measurements per trial are gathered. 

The key benefit of CIP tools over conventional tools is their capacity to 
monitor precisely and automatically, based on recently learned 
information. The recent learning weighting feature along with the 
concurrent learning feature of CIP tools allow them to continuously 
compare each observation at every trial with predicted values that have 
been heavily influenced by recent trials. For example, a learning weight 
sequence can be established such that the last 100 trials always have half 
the overall learning impact at any given monitoring time point, the 100 
trials before the last 100 have half the remaining overall learning impact 
and so on. The result is a monitoring system that is useful even when 
plant conditions are changing due to new influent batches, equipment wear 
and changing ambient conditions. 

While CIP tools are alternatives to conventional tools for adaptive 
monitoring for some applications, they complement conventional tools for 
others. Conventional tools are very valuable for identifying a small 
number of measurement features that are sufficient for monitoring process 
behavior, especially when the number of individual measurements is too 
large to monitor individually. 
rotating machinery involves gathering high-frequency noise data and 
obtaining a fast Fourier transform of the noise .data. 
along with experimental data are essential for identifying a small number 
of Fourier coefficients from the entire spectrum that are sufficient for 
equipment monitoring. Once a set of sufficient measurement featuies has 
been obtained in this way, CIP tools may then be used for real-time 
adaptive monitoring. The overall effect is highly focused and highly 
adaptive monitoring using CIP tools on-line and conventional tools off-line. 

For example, ultrasonic monitoring of 

Conventional methods 

1 Stock Market Forecasting Technical Report 95-04, Rapid Clip Neural Systems, Inc., 
Atlanta, GA 

Systems, Inc., Atlanta, GA 
Static Testing of Aircraft Components Technical Report 95-01, Rapid Clip Neural 

3 Market Activity Forecasting, Monitoring and Control, Technical Report 95-03, Rapid 
Clip Neural Systems, Inc., Atlanta, GA 
4 Vehicle Tracking and Control, Technical Report 95-02, Rapid Clip Neural Systems, 
Inc., Atlanta, GA 
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HOLLEDGE GAUGE FAILURE DETECTION USING CIP 

Westinghouse Savannah River Company (WSRC) funded research at the 
University of South Carolina that was instrumental in the development of 
CIP. As a result, there was interest in evaluating the CIP's performance as 
a process monitor system. 
paper was devised for that purpose. The thrust of the test was to provide 
simulated process data to the CIP system and see ,if it could identify 
process instrumentation failures and then estimate the actual process 
value for the failed instrument. 

The test documented in the remainder of this 

WSRC uses a pneumatic 1:l pressure repeater to measure liquid level and 
density in several high level nuclear waste processes at the Savannah 
River Site (SRS). These pressure repeaters, called Holledge gauges, are 
used in the Defense Waste Processing Facility (DWPF) and it's pilot plant 
the Integrated DWPF Melter System (IDMS). Historical data collected from 
the IDMS pilot plant was modified to simulate the Holledge gauge failures. 

IDMS data collected from 12:OO AM September 9, 1990 to 12:OO PM 
September 19, 1990 was used. 
level nuclear waste sludge, formic acid, and precipitate hydrolysis aqueous 
product, a product from a separate pilot plant, were added to the Sludge 
Receipt and Adjustment TanWSlurry Mix Evaporator (SRATBME) vessel of 
IDMS. These data were selected because they represent the extremes of 
normal operation for the test gauges. A data management system called 
VANTAGE running on a VAX 8550 maintains all the IDMS run data. The 
following SRATISME measurements were used: 
(PI), Holledge gauge upper head (Pz), vapor pressure (P,), lower 
temperature (TI), and upper temperature (T2). The extracted SRAT/SME 
data is shown in Figure 1. 

During this time frame, simulated high 

Holledge gauge lower head 

DATA MODIFICATION 

Seven types of Holledge gauge failures were identified based on past 
process experience. 
deduced using knowledge of the process and basic laws of physics. 
system responses were then translated into mathematical models. The 
plant data was pulled into an Excel spreadsheet and the Holledge gauge 
pressure data PI and P2 (lower and upper head) were modified according 
to the mathematical models. 
represents approximately 1500 points. This sequential block of data was 
broken into three subsets as shown by the vertical dotted lines in Figure 1. 

The system responses to these failures were then 
These 

The original plant data shown in Figure 1 
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Each subset was then modified to incorporate a single Holledge gauge 
failure. The type, duration, and location of these failures are noted in 
Table I. 
least twice, Le., subset 1 was used for data sets C and D, subset 2 was used 
for data sets E and F, and subset 3 was used for data sets A and B. Plots of 

Since there were seven failures, each data subset was used at 

I 

Figure 1. SRAT/SME Holledge Gauge Data 

the modified data are shown in Figures 2-7 where PI*, Pz* represent the 
modified lower and upper Holledge gauge readings, respectively. 
symbol definitions are given at the end of Table I. 

Other 
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Table I. Holledge Gauge Failure Descriptions 
Description System Response Failure Model Data Time Inde: 

Set 

Plug in Pi  andP2 vary Pi* = Pi - lPvl E 455-990 
ins t rumenta t ion  inversely with pv i=1,2 . 

Plug in Holledge Pi and P2 ramp to Pi* = 0.89*t - 1201.1 D 1420-2490 
low side 

vent tube maximum P2* = 4.94*t - 1284.2 

Water slug passes P i  or P2 jumps P2* = P2 + 5 B 1300-2700 
through gauge (may not see) and 

calibration offset 
Dirt in Flapper- Increasing Pi or P2*= N(44.39,0.5) C 580-865 

Valve , P2 suddenly levels 
out then falls 

Transmitter goes P i  or P2 drop to Pi* = 0 F 1100-2490 
o u t  zero 

Air leak in P i  and P2 offset by Pi* =Pi - 0.2*IPVI A 1200-2700 
ins t rumenta t ion  negative 20% #of i=1,2 

low side magnitude of Pv 
Air leak in P i  or P2 offset by Pj* = 0.8*Pi 

ins t rumenta t ion  20% of true value 
high side 

The modified pressure readings (PI*, P2*) are represented by solid lines in 
Figures 2-7. 
dotted lines. 
low side. 
pressure in the tank. 
slug passes through the upper Holledge gauge. 
from the water passing through the gauge causes it's calibration to be 

The original or true measurements (Pi, P2) are indicated by 
Figure 2 illustrates gauge failure 6; a leak in the transmitter 

Gauge failure 3 is shown in Figure 3; where a water 
Both pressure readings drop in proportional to the vapor 

The unbalanced pressure 

ti on 
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offset. 
get caught inside the upper Holledge gauge. The particulates interfere 
with the operation of the gauge intermittently causing it to "stick". 
5 illustrates gauge failure 2; when there is a plug in the Holledge vent 
tube. 
there. 
the transmitter low side. 
magnitude of P,. Finally, Figure 7 illustrates gauge failure 5; when the 
lower Holledge gauge transmitter fails. In this case the Holledge gauge 
does not fail but the pressure transmitter used to read it fails. 

Figure 4 illustrates gauge failure 4; when dirt or other particulates 

Figure 

Both pressure readings ramp to some maximum and then remain 
Gauge failure 1 is demonstrated in Figure 6; where there is a plug in 

As a result, both pressure readings drop by the 

The modified data sets A-F were put in separate Excel spreadsheets and 
then submitted to Dr. Jannarone for CIP analysis. 
created out-of-sequence to further confound CIP's ability to detect failures. 
Knowledge of when and where the failures took place was withheld until 
after the testing was completed. 

The data sets were 

I 
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Figure 2. Holledge Gauge Failure 6 with Data Set A 
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Figure 4. Holledge Gauge Failure 4 with Data Set C 



I 

90 

290 

490s 

690- 

890. 

i? logo. 

W E* 
rD 

1290 

1490 

1690- 

1890- 

2090- 

2290- 

2490- 

12 

Pv (in H20) 

WSRC-MS-95-0109, Rev. 0 
~ 

I 1 1 

Cfn 0 
c w tL tL w w 

0 VI 0 VI 0 VI 
b 
0 

a 03 c.r F + 
0 0 0 N P 

0 0 0 

N P 
0 0 

Tl,T2 (deg C) or Pl,P2 (in H20) 

'1 
w 
a 
0 

Figure 5. Holledge Gauge Failure 2 with Data Set D 



13 

Pv (in H20) 

WSRC-MS-95-0109, Rev. 0 ~ 

i 
F w b t l ,  0 0 VI 0 & V I  0 VI 0 

c c i4 b 

90- 

290. 

490- 

690- 

890- 

I+ 1090- 
E* 
ID 

1290- 
W E- 

1490- 

1690- 

1890- 

2090- 

2290- 

2490-, 
6\ 4 01 Q F w + 

w N 
0 0 0 

N W P W  
0 0 0 0  0 0  0 0  0 

Tl,T2 (deg C) or Pl,P2 (in H20) 

Figure 6. Holledge Gauge Failure 1 with Data Set E 
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Two criterion were used to judge the performance of the CIP algorithm. 
First, could the CIP algorithm detect when a failure occurred and which 
sensor failed. Second, how well did CIP's imputed values agree with the 
true values after a failure occurred. Table I1 contains a summary of the 
performance of the CIP system in detecting and analyzing the Holledge 
gauge failures described earlier in Table I. 

Table 11. CIP Performance Evaluation 

Failed Detected Detected Imputed P i  Imputed P2 Holledge 
Gauge Readings When Failed What Failed ~ True ~ p2 

Failure 
1 P i  andP2 Yes Yes No No 
2 P i  andP2 Yes Yes No No 
3 p2  Yes Yes No Yes 
4 p2 Yes Yes No Yes 
5 P1 Yes Yes Yes No 
6 P i  and P2 No No No No 

Using four distance measures (Dl, D2, D3, and D4)5, the CIP algorithm 
successfully identified the first five Holledge gauge failures. 
calculated by taking the difference between observed and learned values. 
D2 was calculated by taking the difference between observed and 
regressed values. 
occurred. 
difference between the current and previous values. 
difference, 
difference between the previous value and the value two time steps back 
(D3-(previous - two times past)). D3 and D4 were used to identify which 
gauge failed. 

D l  was 

Both these terms were used to identify when a failure 

D4, a second-order 
was calculated by taking the difference between D3 and the 

D3, a first-order difference, was calculated by taking the 

CIP did not detect failure 6; the air leak in the transmitter low side. 
was expected since the magnitude of the change was small and affected 
both gauges. With more inputs, CIP may have been able to detect the 
slight change using some correlation other than the one between the 
Holledge gauges. 
failure occurred but also which gauge failed. 

This 

In the other five cases, CIP not only identified when the 

5 Joshi, Sameer Narayan, A General-Purpose Concurrent Information Processing 
System Prototype, M.S. Thesis, College of Engineering, University of South Carolina, 
1994. 
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The last step was to look at the imputed values from the CIP algorithm. 
figures were taken directly from the CIP analysis of the test data.5 
were too numerous to publish here, but a representative sample is shown in 
Figures 8 and 9. 
values during start-up; illustrating the algorithm's adaptability and speed. 
However, the CIP system did not'accurately predict the correct value for a 
process variable after a failure had occurred. 
size and make up of the model examined here and not necessarily a short 
coming of the CIP algorithm. In this model, PI and P2 are the only highly 
correlated signals, so when one instrument fails, 'the other's imputed value is 
going to be affected. In larger models where more redundant information is 
available, estimation of actual values should not be a problem. 
needs to be done with larger models to confirm this hypothesis. 

These 
These figures 

The CIP imputed values quickly fell in line with their observed 

This result is primarily due to the 

Further testing 

On the whole, the CIP monitoring technique has a great deal of potential. For our 
purposes, this test successfully demonstrated CIP's ability to detect process 
instrument failures. 

c 

Figure 8. Imputed vs. Actual Sample Plot (Upper Holledge Gauge, Dataset B) 
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Figure 9. Distances Sample Plot (Upper Holledge Gauge, Dataset B) 
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