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ABSTRACT 

Back propagation (BP) neural networks are applied for reactor fault diagnosis. Analyzed is the output 
prediction error between a neural network model and an independent dynamic process model, which 
serves as a residual for diagnosing actuator/component/sensor faults. It is found that the neural network 
without the process model is less sensitive to sensor faults than actuator or component faults. A scheme is 
developed utilizing a second neural model to analyze the difference between the output prediction of the 
process model and the neural network for diagnosing sensor faults in a simulated reactor. Results from 
the reactor fault diagnosis system are presented to demonstrate the satisfactory detection and isolation of 
sensor faults using this approach. 



A Sensor Fault Detection Scheme Using a Semi-independent 
Process Model 

Yifeng Zhou, William Rogers, and M. Sam Mannan 

Abstract 

Process model based fault detection systems are investigated in this research. The 
use of the model prediction error as the residual for fault detection of actuators, 
components and sensors is analyzed. It is found that dependent model based fault 
detection systems are not capable of detecting sensor faults. Therefore, a fault detection 
scheme using a phase-delay method is proposed, which is equivalent to a semi- 
independent process model. A simulation study is performed on a simulated chemical 
reactor and results are presented to demonstrate the effectiveness of this approach. 
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Introduction 

Due to the increasing integration and complexity of chemical processes, fault 
diagnosis has been widely recognized as a powerful tool for process operators. This tool 
is particularly important where probabilities of equipment failure and human error are 
high. 

Fault detection and diagnosis problems have been intensively studied during 
recent years. Most of the previous fault diagnosis architectures for chemical processes 
have been based on knowledge systems 1'2'3'4, data driven methods 5'6'7, and model based 
methods 8,9,~°. 

The tasks of model based fault detection and diagnosis consist of the fault 
detection of the process including sensors, components, and actuators, by processing all 
available measurements of process input u, and process output y. Models are used in such 
systems as state observers ~1'12'~3 parity equations 14'~5 and parameter estimations 16'17'18 ~ ° 

The difference between process output and model output, termed as residual, is generated 
and classified according to the corresponding fault. Some classification methods are 

20 geometrical distance 19, neural networks , and fuzzy clustering 2~. If more information is 
available for the relationship between symptoms and faults, more effective reasoning 
methods can be applied, such as fault trees 22 and probabilistic reasoning with fuzzy 
logic 23. A generalized fault detection and diagnosis scheme is shown in Figure 1. 

An important feature of chemical processes is that the operating states are 
monitored by various sensors and controlled based on the sensor values. Sensor failure 
will directly affect process control systems and operators decisions. In chemical industry, 



although various sensor value-checking methods 24 have been practiced, the measurement 
values often include errors and noise due to the complex nature of the processes. 
Sometimes, sensors even fail, temporarily or permanently. 
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Figure 1 Generalized model based fault detection and diagnosis scheme 

A class of more advanced sensor value checking methods is sensor validation, 
either physically or analytically, through comparisons with the redundant measurement 
values. The physical redundancy of a sensor value can be obtained by sensor duplication 
or repetitive measurements of the sensor values at a regular interval 25. The analytical 
redundancy is based on the functional relationship among the parameter values measured 
by different sensors. Parity space and neural network approaches are widely 
applied 26,27,28. 

Traditional model based fault diagnosis systems cannot detect sensor faults, 
because they utilize sensor values to generate residuals. In case of sensor faults, a model 
based fault diagnosis system will receive the same erroneous sensor values with the 
process; therefore the generated residuals will still be zeros. In this paper, a model based 
fault detection system utilizing an independent process model is proposed. The model is 
operated independently of the process. It can, therefore, be used to detect sensor faults. 
However, accurate independent models are very hard to get, due to the accumulating 
model errors as a result of the feedback. Therefore, a semi-independent model is 
developed to improve the applicability of this approach. A simulated chemical reactor is 
used as a sample process and simulation of the fault detection system is carried out to test 
its effectiveness. 



The Sample Process 

The sample process used in this research is a simulated continuous stirred tank 
reactor in non-isothermal operating condition. A first order exothermic reaction A--) B is 
taking place. Two controllers regulate outlet flow rate and cooling jacket flow rate to 
achieve a stable reactor holdup and reactor temperature. 

The process has the following dynamic behavior: 
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Reactor outlet flow rate and cooling jacket flow rate are controlled with tow PI 
controllers" 

F - F + k p F ( V -  Vset) + kzF ~ ( V -  Vset)dt 

Fj - Fj + kpj ( r  - T~et ) + klj ~ (T - Tset )dt 

Table 1 Sample reactor parameters 

Nominal outlet flow rate F=I m3/hr 
Inlet flow rate F0=l m3/hr 
Nominal reactant concen. CA = 2.359 kmol/m 3 
Feed temp. T0=275K 
Reactant density 9= 1000 kg/m 3 
Nominal cooling jacket temp. Tj = 298 K 
k0=9703"3600/hr 
Nominal coolant flow rate Fj- 1.051 m3/hr 
Nominal reactor temp. T = T s e t  - -  368.06 K 
Cooling jacket volume Vj = 0.1 m 3 

F j -  1.051 m3/hr 

kiF= 20 

k~j = 0.08 

Nominal reactor holdup V = Vset=lm 3 
pCp = 5 0 0  kcal/m3K 
Inlet flow temperature T0=298K 
Heat transfer area A=I m 2 
Coolant inlet temp. Tj0 = 278 K 
9jcj = 500 kcal/m2Khr 
Reaction heat (-AH)r=5960 kcal/kmol 
Activation energy E=I 1843 kcal/kmol 
Feed c o n c e n .  CAo=l  0 kmol/m 3 
Heat transfer coef. U = 150 kcal/mZKhr 

= 1 m3/hr 

kpF= 10 

kpj= 0.1 

V (reactor holdup), CA (reactant concentration), T (reactor temperature) and Tj 
(cooling jacket temperature) are chosen as state variables. F (reactor outlet flow rate), Fj. 



(cooling jacket flow rate) and U (overall heat transfer coefficient) are chosen as process 
inputs. Process outputs are same as the state variables. Other parameters are listed in 
Table 1. 

After rewriting the state equations to deviation form and linearization, we obtain 
the following state-space equations: 
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Both process faults and sensor faults are simulated in this study. A process fault is 
simulated as a step change in U, the overall heat transfer coefficient, while a sensor fault 
is simulated as a thermal couple malfunction, which causes the measurement 5°C higher 
than the actual value. 

Actuator uncertainties and measurement uncertainties are also considered in this 
study. Both of them are modeled by zero-mean Gaussian noise. Matlab/Simulink is used 
to simulate the model. Figure 2 is the configuration of the simulator in Simulink. It 
simulates: 

1) The dynamics of the reactor; 
2) Measurement uncertainties and actuator uncertainties; 
3) PI control of reactor holdup through outlet flow rate; 
4) PI control of reactor temperature through cooling jacket flow rate; 
5) Process fault and sensor fault. 
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Figure 2 Reactor simulator in Simulink 

The Semi-independent Model Based Fault Detection System 

A dependent process model that using sensor measurements can be used to detect 
actuator and component faults of a dynamic process, however this kind of system may 
not be capable of detecting sensor faults. 

For a dynamic process" 

y ( t )  - f ( y ( t  - 1), u(t - 1)) + e( t )  , 

suppose that we have a perfectly precise model of the process: 

f i ( t )  - f ( y ( t  - 1),u(t - 1)) + e( t )  

The residual R - y ( t ) - ~ ( t ) - O  when there is no fault occurring. When an 

actuator or a component fault occurs, the process will change, which means the function 
representing the process will change to a new one, fF. The new process output will be: 



y(t) = f F (y(t - 1), u(t -- 1)) + e(t) 

The residual in this case will not equal zero, and therefore, the fault will be 
detected° 

However, if a sensor fault occurs, the process function will not change; only the 
measurement of the output changes. We will obtain a new process output that can be 
expressed as y(t)+ Ay(t), with a new residual of R(t)= y(t)+ A y ( t ) - f ( t ) .  Since the 

process model takes the same faulty input and shares the same dynamics with the 
process, R(t)will  remain equal to zero. Thus the dependent model based fault detection 

system is not capable of detecting sensor faults. 

To address the problem described above, an independent model should be used 
for residual generation. An independent model does not take faulty measurements from 
sensors, and as a result, it can predict the process output in the normal condition. Thus 
any change in the measurement will be reflected in the residuals. 

Unfortunately, an independent process model is very difficult to obtain, due to the 
accumulating model errors as a result of the feedback. In practice, a semi-independent 
process model can be used. This is still an independently operated process model, with 
the exception that its outputs reset by process outputs at a specific interval. This interval 
can be chosen by compromising between sensitivity to sensor faults and modeling error. 
A small interval will lead to insensitivity to faults, while a large interval will contribute to 
a relatively large modeling error. This scheme can be further simplified as the fault 
detection system shown in Figure 3. 

Process output is compared with that of 'healthy' process in the past by adding 
delays into the process output signals. In this scheme, the process in the past serves as the 
independent model. The delay period, corresponding to the reset interval, should also be 
chosen by compromising sensitivity and error. 

The effectiveness of the fault detection system is tested with both component fault 
and sensor fault. A component fault, cooling jacket fouling, takes place at t = 10, and the 
generated residuals are shown in Figure 4. A typical sensor fault, malfunction of a 
thermal couple, takes place at t = 5, and corresponding residuals are shown in Figure 5. In 
each case, the fault detection system shows a satisfactory signal/noise ratio. 



Fj N oise 

Ga in8  

F Noise G a i n 4  

U Fau l t  

Reactor  

Q 
Clock 

V Noise Ga in5  , . _ ~  

-I÷1 
CA Noise ~ain7 ,._ r~-- ] 

T N~i~e GainO L _ I ~  

Tj Noise Ga in2  

- " ~ 1  • - . 

Delay'2 R_F 

DelaV3 ,.. 

O e l a ~  R_Tj  

Figure 3 Fault detection system simulation 
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Figure 4 Residuals of cooling jacket flow rate and reactor temperature when component 

fault occurs 
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Figure 5 Residuals of cooling jacket flow rate and reactor temperature when sensor fault 

occurs 

Conclus ions  

Sensor fault detection is investigated here by using a simulated chemical reactor 
and a phase-delay method. Simulations show that the sensor fault can be detected with a 
satisfactory signal/noise ratio. It is also analyzed that sensor faults do not change the 
process transfer function; therefore, dependent models based fault detection systems are 
not capable of detecting those faults. The sensor faults are detected, however, by using a 
phase-delay method, which is equivalent to a semi-independent process model. This is a 
general approach that can be applied to sensor fault detection. 
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