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Abstract

Recently different approaches have been develapéidei field of sensor fault diagnostics based on
auto-associative neural network (AANN). In this papwe present a novel algorithm called self-
reconstructing auto-associative neural network £NN) which is able to detect and isolate single
faulty sensor via reconstruction. We have alsoreled the algorithm to be applicable to multiple
fault conditions. The algorithm uses a calibratioodel based on AANN. AANN can reconstruct the
faulty sensor using non-faulty sensors due to tiom between the process variables, and the mean
of the difference between the reconstructed argirai data determines which sensors are faulty. The
algorithms are tested on a dimerization process. Simulation results show that the S-AANN can
isolate multiple faulty sensors at a low computaiotime, which makes the algorithm appropriate
candidate for online applications.

Keywords: Sensor Fault, Fault Isolation, Reconstruction Alhpon, Auto-associative Neural
Networks, Multiple Faults

1. Introduction

Process monitoring, fault detection, and isolafiBBl) is an essential issue in the field of process
control. At first, FDI deals with the determinindiether the process is under normal condition ar not
then, it is responsible for locating the sourcehaf fault (Venkatasubramanian et al., 2003). Mést o
the processes are multivariate and complicated twiiefy a model-based process monitoring
approach. Hence, methods based on statistical ggaoenitoring (SPM) have become one of the
active research areas (Joe, 2003).

An important characteristic of chemical processebat they are multivariate with a huge amount of
measured data, but with poor information. PCA whgh multivariate statistical process monitoring
method deals with this kind of problem and is uisegrocess monitoring. In real chemical processes,
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however, difficulties may arise because the PCAhoetis linear and processes are nonlinear.
Therefore, non-linear principal component analy®&PCA) is presented as a remedy, which
generalizes PCA to nonlinear processes (Dong, 8nd McAvoy, T., 1994). NLPCA is implemented

in different ways, including using artificial intigjence, or most specifically, in this study, ndura

networks (NN) is used. There are two types of NLPEa#sed on neural networks: input training
neural networks (IT-NN) and auto-associative nemetivorks (AANN). Owing to some inherent

useful specifications of the AANN, especially iretfield of sensor fault diagnostics, this types of
neural network is preferred.

The basic idea of SPM based on auto-associativaineetworks is to find an NLPCA model for a set
of correct data from a healthy system and healtbgsurements. Then, PCA transformation is applied
to a testing data. We consider the system to bhlyei& this set of testing data complies with the
original calibration AANN model (Najafi et al., 200

Generally, there are three types of faults, inelgddrocess faults, actuator faults, and sensotstaul
Sensor fault is the most important because makingtral decisions based on inaccurate
measurements may lead to disastrous results, aritbceystem becomes unreliable. For supplying
the data needed for a fault tolerant system aratifay the source of the fault, redundant sens@s ar
needed. However, introducing redundant sensongpsrsive because of the cost of the extra sensors
and their maintenance. It also imposes a surchamgeontrol hardware and software (Najafi et al.,
2004; Sing, 2004). Sensor FDI is a field which ®esion the detection and isolation of sensor faults
In this paper, we present an algorithm based oo-asgociative neural network, which is able to
detect, isolate, and reconstruct single and meltggnsor faults. The algorithm is based on the
inherent characteristic of AANN. Sensor faults amers which occurred in sensors due to calibration
biasing, drifting etc.

AANN is used in enhanced-AANN algorithm (Najafiat, 2004) for single FDI, but we go further
and propose an algorithm for multiple FDI, whiclaiaovelty introduced in this paper.

AANN structure and its specifications are explainedsection 2. Fault detection using AANN is
described in section 3. Section 4 is devoted fascdeing the main algorithm for single faults.
Extending the algorithm for multiple faults is penhed in section 5. The case study used for testing
the algorithms and data generation is describese@tion 6. In section 7 results and discussions are
presented, and our conclusions are finally presentsection 8.

2. Auto-associative neur al networks

Auto-associative neural networks are five-layerdfémward networks, including input layer,
mapping layer, bottleneck layer, de-mapping laged output layer. The network outputs are trained
to imitate the inputs. The network inputs are thecpss variables (including process input or output
variables), which have a degree of correlation. Atm@ber of nodes in the input and output layers are
equal to process variables, and the number of niodiee other layer is determined by trial and erro
based on network performance (Dong D. J. and McANQYL996). The hidden layers play the role of
maintaining the correlation of variables based lom training data. Figure 1 illustrates the AANN
structure.
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Figurel
AANN structure (Najafi et al., 2004).

AANN'’s have some intrinsic specifications, which veamade them useful for sensor fault
diagnostics, as follows:

1. AANN has identity mapping which is essential fonser fault diagnostic.

2. Correlation between the variables is captured theonetwork weights during the training.
This is used for faulty sensor reconstruction.

3. AANN can conduct a degree of noise reduction (Mshj 2010).

2.1. Fault detection using AANN

After determining the AANN structure, it is traineding normalized healthy data, and monitoring
statistics such as squared prediction error (SPEatelling T? are calculated. This paper analyses
SPE for process monitoring because the SPE maylbesx changes to give false alarms in process
monitoring (Borgan, 2011). Then, the normalizeditiadata are presented to AANN and the SPE
statistics are calculated using the AANN outpubre of the variables is faulty, the control liroft
SPE is then exceeded, and the fault is detectel, BPand their control limits are elaborated in
reference by Thissen (2001). After a fault is detgcit should be isolated (localized) as will be
explained in the following section.

3. Sdf-reconstructing AANN (S-AANN) algorithm for single fault isolation

Due to interrelation between the process variahtasthe fact that AANN captures the correlation in
its weights, if one of the sensors fails or becomesalibrated, the output of AANN will show an
estimation of the corrected value of the sensorest cases, as Kramer has explained in his otigina
paper (Kramer, 1991), when we have a faulty measeme in one of the sensors, all of the AANN
output values would be distorted. However, we dle & single out the faulty sensor by analyzing
the residue vector between the input and outpuauser it is expected that the maximum absolute
value of residue is in the faulty sensor (Kram@&@91). After finding the faulty sensor, the nextpsie

to feed the estimated value of the faulty sensahecAANN input. After several iterations, all dfet
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residues will approach zero, and we reconstructviilee of the faulty sensor. This procedure is
depicted in Figure 2.
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Reconstruction of a faulty sensor using S-AANN ailfpon (Sharifi, 2009).

Difference between the input and output of the ditlgm is calculated. Mean of the difference for
faulty sensor is nonzero, so the faulty sensavdallzed.

4. Extending the SAANN for multiple-faults

The above algorithm is for the isolation of sinddeilty sensor. The S-AANN algorithm can be
extended to be applicable in multiple-fault coratis. The procedure is the same as the above
algorithm, but the reconstruction is repeated fibrttee sensors respectively. The sensor with the
higherk index is reconstructed first.

5. Case study

An open loop dimerization process is used to testaigorithms. One of the most economic methods
for producing butene-1 is the catalytic dimerizataf ethylene. The industrial ethylene dimerization
reactor operates in a liquid phase in bubble pminditions. Fresh ethylene and homogenous catalyst
are fed continuously to the reactor, where the bette exothermic reaction is removed by means of
an external cooler. The cooler is installed onrdwycle pipelines. The recycle returns portionhaf t
product back to the reactor. The ethylene dimddmaprocess is strongly nonlinear. According to
industrial practice, extreme regular monitoringtbé process variables is necessary (Ali and Al-
humaizi, 2004). Sensors and measuring instrumeatgeay essential in this process and need regular
maintenance and monitoring because the measuradsvale used for the process control and they
should be reliable. Figure 3 illustrates this pesce a continuous stirred tank reactor.

There are seven possible variables used for pragesgoring, namely the coolant flow rai/¢), the
feed flow rate FFe), the catalyst concentration in the fe@d&)( the feed temperaturdff, the recycle
ratio (), the produced butene-1 concentratiBo)( and the reactor temperatuig. (
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Figure3
A schematic of the dimerization reaction procedsdAd Al-humaizi, 2004)

5.1. Data generation

Using the dimerization process model, about 20G8péa data was generated. Each sample data
contains 7 variables introduced in the above secAbout 1% white noise is induced to the dataset t
be close to real situation. The dataset is normdliand is then randomized; 1500 samples are
randomly selected for training the AANN, and theagning 500 samples are used as the test set. We
introduce two types of faults (drift and shift)tte test set and use it for testing the algorithms.

6. Results and discussions

The structure of the AANN for the algorithm is démil to be 7-10-3-10-7 by trial and error. We
changed this structure to various numbers of hiddgers, and compared the SPE for a known faulty
sensor, and found that the best structure was F~1@-/. Scaled conjugate gradient (SCG) was
adopted as the training algorithm. Figure 4 andldstrate the normalized training set and the
normalized test set respectively.
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Figure4
Normalized training set (sortedaxis is the sample number
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Figure5
Normalized test set (sortedaxis is the sample number

6.1. SAANN resultsfor single shift fault

A shift error of 10% is introduced to the sensomber 7, which is a thermocouple measuring the
temperature of the product. The fault occurs inan200 and continues to sample 400. Figure 6
depicts sensor 7 output which has a shift error.
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Figure6
Sensor 7 output before and after contaminatiorit (ghilt).

Fault is detected using SPE statistics (FigureFjure 8 shows sensor 7 output before and after
reconstruction. The difference (error) between $SR&ANN input and output is shown in Figure 9,
and the mean of the difference is represented gnrEi10. The results show that the algorithm is
properly reconstructed and isolated sensor 7 asltyfsensor.
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Fault detection using SPE plot
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Figure8
Sensor 7 output before contamination, after indysinift error, and after reconstruction by S-AANN.
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The difference between S-AANN input and output. Theut data had a shift errok @xis is the sample
number).
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Figure 10
The mean of the difference between the input atdubwf the S-AANN for a shift fault.

6.2. SAANN resultsfor singledrift fault

A drift error is introduced to the sensor numbewhich is an orifice plate measuring the flow rate
the coolant (Figure 11). The fault occurs in sanjfilé and continues to sample 500.
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Figure 11
Sensor 1 output before and after contamination.

SPE plot detects the occurred fault (Figure 12)
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Figure 12
Fault detection using SPE plot.

Figure 13 shows sensor 1 in different conditions.
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Figure 13
Sensor 1 before contamination, after inducing # drior, and after reconstruction by S-AANN

The difference (error) between the S-AANN input @udput is shown in Figure 14, and the mean of
the difference is illustrated in Figure 15.
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The difference between S-AANN input and output;itiput data had a drift error.
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Figure 15
The mean of the difference between the input andubwf the S-AANN for a drift fault.

From the above results is clear that although retcoction is not accurate, the algorithm is properl
localized the faulty sensor.

The S-AANN needs a low computational time with extgo E-AANN (Najafi et al., 2004). Table 1
lists the measured time for a single FDI usingtthe algorithms.

Tablel
Comparison of computational time for the recongtamcalgorithms (drift fault).
Reconstruction algorithm E-AANN S-AANN
Total computational time for 1231.4 7.3238
500 samples (second)
Computational time /sample 2.4627 0.0146
(second)

6.3. Multiple-fault condition

Multiple-fault is a condition in which more thanesensor is simultaneously contaminated. Herein,
we have contaminated three sensors simultaneotmty $ample 200 to 500. Sensor 2 has a drift
fault, and sensors 6 and 7 have a 10% shift fatie extended S-AANN discussed in section 5 is
applied to the system, and the fault detectionquSIRE plot is illustrated in Figure 16.



88

SPE

Figure 16

Iranian Journal of Oil & Gas Science and Techngiodol. 6 (2017), No. 1

The SPE plot in a multiple-fault condition.

Figures 17, 18, and 19 illustrate the sensorsffardnt conditions.
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Sensor 2 output before and after contaminationadied reconstruction in a multiple-faults condition
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Sensor 6 output before and after contaminationadted reconstruction in a multiple-fault condition.

Figure 19
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Sensor 7 output before and after contaminationadied reconstruction in a multiple-fault condition.

Figures 19 and 20 are the result of the extendiAg\SN algorithm for a fault isolation.
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The difference between the input and output ofallgerithm in a multiple-fault condition.
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The mean of the difference in a multiple-fault cibiod.

It is clear that the algorithm has identified seas®, 6, and 7 as a source of the faults becawse th
mean ofthe differences for these sensors are non-zero.

7. Conclusions

Introducing additional sensors to control the sysfer fault isolation is expensive and may also tax
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control software and hardware at a high rate. Thezefault diagnostic algorithms, which are alde t
isolate the occurring faults, have a particularaatton. In this paper, we proposed a new algorithm
based on auto-associative neural networks (AANM)jclvreconstructs and isolates the faulty sensor.
This self-reconstructive AANN algorithm was extedde be applicable to multiple-faults conditions.
The algorithms were tested on a dimerization pracBg trial and error, we found that in multiple-
fault conditions the algorithm can work properlyemhless than half of variables are faulty; thia is
limitation for S-AANN. This limitation is relatedbtthe correlation of variables. The algorithm was
shown to be able to properly isolate the faultysses. Due to low computational burden, the
algorithm is a suitable candidate for online amdlimn. In the future research, we are going to
improve the E-AANN to obtain a new algorithm witHawv computational time and more accurate
than S-AANN.
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Nomenclature

AANN . Auto-associative neural network
A . Catalyst concentration in the feed
Bc : Produced butene-1 concentration
E-AANN : Enhanced auto-associative neural network
FDI : Fault detection and isolation
Fe : Feed flow rate
NLPCA : Non-linear principal component analysis
PCA : Principal component analysis
S-AANN : Self reconstructing auto-associative nengawork
SPM : Statistical process monitoring
T : Reactor temperature
Tf : Feed temperature
Wc : Coolant flow rate
B : Recycle ratio
References

Dong, D. J. and McAvoy T, Nonlinear Principal Compat Analysis-based on Principal Curves and
Neural Networks, Computers and Chemical Engineghiog 20, No. 1, p. 65-78, 1996.

Dong D., J. and McAvoy T, Nonlinear Principal Compat Analysis - based on Principal Curves and
Neural Networks, American Control Conference, Badtie, Maryland, June, 1994.

E. Ali and K. Al-humaizi. Advanced Control of Etleyle to Butene-1 Dimerization Reactor,
Automatic Control and System Engineering, Vol. 134-52, 2004.

Joe Qin S, Statistical Process Monitoring: Basiud Beyond, Journal of Chemometrics, Vol. 17, p.
480-502, 2003

Kramer M. A., Nonlinear Principal Component Anafydilsing Auto-associative Neural Networks,
AIChE Journal, Vol. 37, p. 233-343, 1991.

M. Sharifi, Sensor Fault Diagnosis Using PrinciGalmponent Analysis, Ph.D. Thesis, Texas A&M
University, Mechanical Engineering, 2009.



92 Iranian Journal of Oil & Gas Science and Techngiodol. 6 (2017), No. 1

Mathisen M. L., Noise Filtering from a Nonlinearssgm by Using AANN, M.S., Thesis, University
of Stavanger, Science and Technology, 2010.

Najafi N., Culp C., and Langari R., Performance dg$twf Enhanced Auto-associative Neural
Networks for Sensor Fault Detection, ProceedingghefFourth International Conference for
Enhanced Building Operations, Paris, France, Octd8e.9 ,2004

Sing, H. Development and Implementation of an Auitdly Intelligent Search Algorithm for Sensor
Fault Detection Using Neural Networks, M.S. Thedisxas A&M University, Mechanical
Engineering, 2004.

T. R. Borgan, Condition Monitoring Based on Blaakband First Principal Models, M.S. Thesis,
Norwegian University of Science and Technology, iBaegring Cybernetics, 2011.

Thissen U. Nonlinear Process Monitoring Using Bwtick Neural Networks, Analytica Chimica
Acta, Vol. 446, p. 371-383, 2001.

Venkatasubramanian V., Rengaswamy R., N. KavuriaBd Yin K, A Review of Process Fault
Detection and Diagnosis Part I: Quantitative Mdoleéed Methods, Computers and Chemical
Engineering Journal, Vol. 27, p. 293-311, 2003.



