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Abstract—The existing fault diagnosis methods using artificial neural networks do not deal with time vary-
ing symptoms of faults. But in real plants, because the effect of the fault propagates continuously with time,
the changing values of various sensors provide valuable information for on-line fault diagnosis. This paper
describes a new method in which time varying values of the measurements are used as the symptoms of
the faults to train the artificial neural network. A fault diagnosis system for a distillation column based on
the proposed method can accurately diagnose both single and multiple faults.
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Fig. 3. Information flow in the fault diagnosis system.
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Fig. 5. Distillation column used for simulation study.

Table 1. Information available for on-line diagnosis for
a simulated distillation column

No Sensor name Steady state

1 Feed temperature 78C

2 Condenser temperature 64.8C

39 Tray 1-7 temperture 92.4-654C

10 Feed flow 0.5 mole/sec

0.3177 mole/sec
0.1359 mole/sec
0.3641 mole/sec

11  Reflux flow
12 Top product
13 Bottom product

14 Reflux drum level 50%
15 Bottom level 50%
16 Condenser Qcons 2677.3 cal/sec
17  Reboiler Qg 2641 cal/sec
18 Reboiler heat input 2641 cal/sec

controller output

19 Reflux flow controller
output

20 Top product flow controller
output

21 Bottom product flow
controller output

0.3177 mole/sec

0.1359 mole/sec

0.3641 mole/sec
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Table 2.Simulated faults used to train the neural network
for a distillation column diagnosis

No Fault name Tra}m.ed
deviation
1 Bottom level sensor fails low —20%
2 Bottom level sensor fails high +20%
3 Reboiler steam pressure low —20%
4  Reboiler steam pressure high +25%
5 Reboiler steam valve fails closed —90%
6 Reboiler steam valve fails open +60%
7 Bottom temperature sensor fails low - 6%
8 Bottom temperature sensor fails high +6%
9  Bottom product valve fails closed —99%
10  Bottom product valve fails open +30%
11 Drum level sensor fails low —20%
12 Drum level senosr fails high +20%
13 Feed composition low —67%
14  Feed composition high +67%
15 Feed temperature low —-10%
16  Feed temperature high +10%
17 Feed flow valve fails closed —99%
18 Feed flow valve fails open +100%
19 Reflux flow valve fails closed -99%
20  Reflux flow valve fails open +100%
21 Top flow pump fails stop —100%
22 Top product valve fails closed —-99%
23  Top product valve fails open +100%
24 Top temperature sensor fails high —10%
25 Top temperature sensor fails high +10%
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Fig. 6. Artificial neural network and data preprocessors for fault diagnosis of the example process.
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Fig. 14. Fault certainty when feed composition decreases.
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Fig. 15. Fault certainty when feed composition increases.

213 1 A Al feed®] zAJo] AAL Abefoll 4 500
sec AtolollE= 03004 0.82 W3}l 2 o] Foll = 0.82
E°l7= Ul € simulationd ZA#E BAslgich 2
el Fig. 15= st 23 Aale] gto] 2u) o}ado)
Holx §40) 753hg daErth

4-35. otF 2l i ¥4 A

AF AADe 27t 23 o] ciF 3 BA o
UeA 71E9] A4 7ab A Akel] wsle] Y3}
th= 718 Venkatasubramanian[7,8] 52 «Fo] &
1)} 9lch Fig. 162 ‘Drum Level Sensor Fails High’

FRH AL 553

1
0.8 1
Feed composition high
5 067
=
I
5 \Drum level sensor fails high
041
Feed flow valve
0.2 - fails closed
0 L e
=120 0 120 240 360 480 600 720 840 960
Time (sec)
Fig. 16. Fault certainty when a double fault occurs in feed
and drum.
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Fig. 17. Fault certainty when a double fault occurs in top

and bottom.
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Fig. 18. Fault certainty when a reboiler steam valve fails
closed after plant steady state changes.
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Fig. 19. Fault certainty when feed composition decreases
(learning based on sensor data at one representa-
tive time point).
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Fig. 20. Fault certainty when a double fault occurs in feed
and drum (learning based on sensor data at one
representative time point).
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NOMENCLATURE
b : slope of the sigmoid function
E, Ems» : root mean square error
E, : square error of p™ pattern
N : number of output nodes
net; : summation of outputs of nodes in the pre-

vious layer multiplied by weights going into
the j* node in the artificial neural net-

work

P : number of patterns

s’ : differentiation of sigmoid function

S(C ) : sigmoid function

t : learning iteration number

by : target value of the p™ pattern in the j'" out-
put node in the artificial neural network

Xy :output value of j* node of pt pattern in
the artificial neural network

W; : connection weights between j* node in the

current layer and i™" node in the previous
layer in the artificial neural network

Greek Letters

o : momentum constant in the error back prop-
agation learning

&y : effect of input value on the error of j" node
of p* pattern in the artificial neural net-
work

n : learning rate in the error back propagation
learning
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