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Abstract

This paper introduces the application of the hylapgroach Adaptive Neuro-Fuzzy Inference System
(ANFIS) for fault classification and diagnosis mdustrial actuator. The ANFIS can be viewed either
as a fuzzy inference system, a neural network myfuneural network (FNN). This paper integrates
the learning capabilities of neural network to tbbustness of fuzzy systems in the sense that fuzzy
logic concepts are embedded in the network stractliralso provides a natural framework for
combining both numerical information in the forminput/output pairs and linguistic information in
the form ofif-thenrules in a uniform fashion. The proposed algoritbnachieved by the intelligent
scheme ANFIS. This intelligent system is used taeh¢he valve actuator and classify the fault types
Computer simulation results are shown in this papelemonstrate the effectiveness of this approach
for modeling the actuator and for classificatiorfanilts for different fault conditions.

. Introduction

Artificial intelligent techniques, such as artifitineural networks (ANN) fuzzy logic (FL) have been
successfully applied to automated detection antt thagnosis in different conditions [1][2]. They
largely increase the reliability of fault detectiamd diagnosis systems. The adaptive neuro-fuzzy
inference system (ANFIS) [3] is a hybrid model whicombines the ANNs adaptive capability and
the fuzzy logic qualitative approach (Jang, 1988).using the mathematical properties of ANNSs in
tuning rule-based fuzzy systems that approximate wlay human process information, ANFIS
harnesses the power of the two paradigms: ANNs famdy logic, and overcomes their own
shortcomings simultaneously [4][5].

Fuzzy system is tolerant to noise and error initifie@rmation coming from the sensory system, and
most importantly; it is a factual reflection of thehavior of human expertise. A fuzzy controller is
commonly defined as a system that emulates a hexgert. The knowledge of the operator would be
presenting in the form of a set of fuzzy linguistides [5]. These rules produce an approximate
decision in the same manner as an expert wouldEder since the fuzzy systems were applied in
industrial applications, developers know that thastruction of a well performing fuzzy system ig no
always easy.

The problem of finding appropriate membership fior and fuzzy rules is often a tiring process of
trial and error. However, the design of fuzzy logites is often reliant on heuristic experience @and
lacks systematic methodology, therefore these mlght not be correct and consistent, do not pesses
a complete domain knowledge, and/or could haveopgstion of redundant rules. Furthermore, these
fuzzy logic rules cannot be adjusted or tuned @itine operation, and the off-line adjustment of
their parameters is a time consuming process. Angiloblem could be raised when better precision
is needed which is the huge expansion in the fuzietbased system [5].



Techniques based on the use of Artificial Neuraiwdeks (ANN) have a great interest in control and
engineering. The fastness of treatment and thgiaaty of approximating complex nonlinear
functions motivate their use for fault diagnosifgll7]. The learning parameters of neural networks
made them a prime target for a given task. Thisl kih behavior learning methods can be used to
solve control and diagnosis problems. Artificialured networks are considered to be simplified
mathematicamodels of brain-like systems. A neural network {gracessor of information which can
be represented in its simplest form by a set oheoted and layered processing elemePEs( Each

PE is able of receiving an-dimensional input vector from either external smsrorPEsat previous
layers, and processing the data to deliver a soalg@ut, which is the function of a present infttey

are generallyrained by means of training-data, and due theperty of generalization, they can learn
new associationgyew functional dependencies and new pattdbu®e to these properties, they have
been widely used for control. The learning paranseté neural networks made them a prime target
for a combination with a fuzzy system in order tgomate or support the process of developing a
fuzzy system for a given task. Recently the rol@eiral networks has been found to be very useful
and effective when integrated with fuzzy controbteyns to produce what is called neuro-fuzzy
systems [4]. These hybrid systems provide an urgsmergy can be found between the two
paradigms, specifically the capability to mimic harmexperts in fuzzy logic, and learning from
previous experience capability in neural netwoBenerally, neuro-fuzzy systems can be classified
into two categories, adaptive neuro-fuzzy inferesgetem (ANFIS) [3] and hybrid neuro-fuzzy
systems [4]. The first category is the most wideded, and they are designed to combine the learning
capabilities of neural networks and reasoning ptegee of fuzzy logic. The main function of neural
network is to learn about the fuzzy inference sws(&IS) behavior and uses this knowledge to
adaptively modify its parameters. The adaptabiityhe fuzzy inference system can be achieved by
either rule base modification and/or membershipctions modifications. Rules can be generated,
modified, and/or eliminated, while membership fimres of the input variables can adjusted and tuned
by scaling mechanism [3].

In this paper, an approach to design neuro-fuzayesys type ANFIS is described for an intelligent
fault diagnosis task. The supervision system caecti@nd classify the infected fault in the indiastr
actuator. This paper is organized as follows: sac gives the necessary background of ANFIS
model. In section 3, we will describe the DAMADI®®nchmark. The designed ANFIS models are
introduced and explained in section 4. Section @wvshsimulation results for the three steps in this
application (modelling, generation of residuals &udt classification). The section 6 concludes thi

paper.
[I.  Adaptive Neuro-Fuzzy Inference System (ANFIS)

[1.1 ANFIS architecture

In this section we introduce the basic of ANFISwak architecture and its hybrid learning rule.
Inspired by the idea of basing the fuzzy inferepiaedure on a feed forward network structure, Jang
[3] proposed a fuzzy neural network modabaptiveNeural-basedruzzy | nferenceSystem) whose
architecture is shown in Fig.1. He reported that ANFIS architecture can be employed to model
nonlinear functions, identify nonlinear componeatsline in a control system, and predict a chaotic
time series. It is a hybrid neuro-fuzzy technigo&t torings learning capabilities of neural netwdrks
fuzzy inference system. The learning algorithm suttee membership functions of a sugeno-type
fuzzy inference system using the training inpupotitdata. ANFIS consists of five layers; the
adaptive nodes of the neural network are the nodésyers 1 and 4. The depicted model defines a
controller with two inputs and one output. Eachuinpas two membership functions. We assume that
the rule base contains two fuzzy if-then rules ®b&agi and Sugenao's type:
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Fig.1: ANFIS structure for TS system with 2 inpotse output
Ry{:IFxisA, andyis B, Theny, = fi(x,y) =pix + 1y +n; (1)
R, :IFxisA, andyis B, Theny, = f,(x,y) = p,x + @2y + 13 (2)
The output of the nodes in layer 1 is the membprghiues of the premise part:
Of = pa(x),i =12 (3)
Every node in layer 2 is a fixed node labelédwhich multiplies the incoming signals:
0F = w; = p, (xD).ptp, (x1) , i = 1,2 )

Every node in layer 3 is fixed node labeldor normalization it calculates the ration of theth
rule’s firing strength to the sum of all rulesrigistrengths:

0} =w,=—— ,i=12 (5)

wi+w;

In layer 4, every node is an adaptive node whigenthde function is

Of =w x fi=w,(pix +qiy+m) , i=12 (6)
Wherew is the output of layer 3 angl q;, r; are the parameters for the first order Sugeno rule
The overall output of the network can be defined as

0 =y=YWXf; @)

[I.2 Hybrid learning techniques

Using a given input-output data set, constructszayf inference system whose membership function
parameters are tuned (adjusted) using either a-firagagation algorithm alone or in combination
with a least squares method [3]. This adjustmdotal the fuzzy systems to learn from the data they
are modeling. Jang proposed that the learning iaglone in two passes using a hybrid learning
algorithm as shown at table 1. In the forward ghsdirst set is fixed an8§, is optimized by the least
square estimate$B. Inthe backward pas&gis tuning by the back-propagation algorithm [3].

Table I: Two passes in the hybrid learning

Forward Pass Backward Pass
Premise Parameters Fixed Back-propagation

Consequent Parameters Least Squares Estimate fixed




1. The Damadics Benchmerk

In order to evaluate the proposed schemes, we dpjalyfault diagnosis in DAMADICS benchmark.
The DAMADICS benchmark (Development and Applicatiasf Methods for Actuator Diagnosis in
Industrial Control Systems) is an engineering reseaase study that can be used to evaluate
detection and isolation methods [8]. The industaatuator data set is collected under various
operating loads, and different conditions includdifferent fault categories. It is possible to slate

19 abnormal events from three actuators, and a §aenario is characterized by the fault type in
conjunction with the failure mode, which can beugdbi(A) or incipient (). The detailed description of
the fault types is shown in Table 2. The actuatorsists of a control valve, a pneumatic servomotor,
and a positioner as depicted in FigurePZ is the positioned processing urii/P is the electro-
pneumatic transducey;, V,, Vs are bypass valve®P stands for displacemery,P, are pressures;

is the flow value of transducer aif¢ for temperature. The output variables of the aotumodel E
andX) are employed to construct the observation seaqse@c= {01,0,,...,q,...,6}. Wereo, = [Ft=1
Xt=1] [8][9]. Different approaches and papers are prese to study the fault diagnosis in
DAMADICS benchmark likes [8-11].

Sarvomotor

Positionar Ps ]
+ j_’

P——

L ©

I

1 [ 1

i
Control valve

I)EI

© o ®

Fig. 2 : DAMADICS actuator
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Fig. 3 : The general scheme for the actuator

In the DAMADICS actuator, faults can appear in cohtvalve, servomotor, electro pneumatic
transducer, piston rod travel transducer, pressansmitter or in control unit. Nineteen types adilts

are considered as shown in table 2. The faultsearelated under carefully monitored conditions,
keeping the process operation within acceptablditguanits. Five available measurements and 1
control value signal have been considered for bmacking purposes: process control external signal
CV, values of liquid pressure on the valve ifgand outletP,, liquid flow rateF, liquid temperature
T,, and displacement of the rddTable 3 summarizes the parameters of input andututfariables.



Table Il: Faults to be detected and isolated

Fault | Description
Control valve faults
= Valve cloggint
F, Valve plug or valve seat sedimenta
Fi Valve plug or valve seat eros
F. Increased of valve or bushing frict
Fs External leakage (leaky bushing, cov
Fe Internal leakage (valvtightness
F, Medium evaporation or critical fla
Pneumatic servo-motor faults
Fs Twisted serv-motor's piston rc
Fo Serv-motor's housing tightne
Fio Serv(-motor's diaphragm perforati
Fu Serv(-motor's spring fau
Positioner Taults
Fi Electrc-pneumatic transducer fa
Fis Rod displacement sensor fe
Fi Pressure sensor fa
Fis Positioner feedback fa
General faults/ external Taults
Fie Positioner supply pressure d
Fi7 Unexpected pressure change across
Fis Fully or partly opened bypass varl
Fio Flow rate sensor fal
Table IlI: Input and outputs variables
Input Range Unit Description
control signal from external
cv | 0-100 | % g
PI1 controller
P, 0-100 kPa Inlet liquid pressure
P, 0-1000 | kPa Outlet liquid pressure
T, 50- 150 °C Liquid temperature
Output Range Unit Description
X 0- 100 % Position of the rod
F 0-500 | ni/h Average flow

IV. Designing of ANFIS Models

In our work, we used hybrid approaches based onl8N#odels for modelling and fault diagnosis
tasks in DAMADICS actuator. The positioner and twntrol valve are modelled with two hybrid

models: ANFIS and ANFIS. Each model has 4 inputs and one output as pexsemnith the two

following equations:

IV.1 Structure of the trained Models

X=ANFIS (CV, R, P, T)
F = ANFIS, (X, P, P,, T)




VI.2 The training task

This task consists to adjust the fuzzy models paters (premise part and conclusion part) using the
training data. This data-base contains 4 vectothefnputs variables and their appropriate act{@ns
andF). The training and the testing data sets for eftiitg the models are generated by simulation
using the valve model [12]. The training data s&$ hbout 3600 samples extracted from measured
data without faults. Figure 4 shows the scheméefdata based model used for modeling the valve
(training the two neuro-fuzzy systems ANEHSr the outputX and ANFIS for the outputF). The
structures of the trained neuro-fuzzy systems apgcted in figure 5. The obtained network structure
are similar to that of a neural network, which magsuts through output membership functions and
associated parameters, and then through output ership functions and associated parameters to
outputs, can be used to interpret the input/outgpap.
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Fig. 5: The structures of the ANFIS models

V. Simulation results
In this section, we present the obtained simulatesults for the application of this hybrid apptoac
for modeling and fault diagnosis in the valve atiua

V.1 Generation of residuals

Residuals are the basic factors for fault detectiaring monitoring the actuator. The difference
between the system outpyigt) and fault-free model outpuys(t) leads tan values namedesiduals
Ro(t) (eq.10). These residuaR(t) provide a source of information about faults forther
processing. Fault detection is based on the evafuat residuals magnitude. It is assumed that each
residualr(t), where:k = 1....,n should normally be close to zeros in the fault-ftase, and it should
be far from zeros in the case of a fault. Figureh6ws the method for generating the two types of
residuals R,, Ry) as shown in figure.5. Where:

Ro(t) = yu(®) - y'u(®), k=1,...,n (10)
Rxfi(t) = Xreal - X’ef (11)
RFfi (t) = Freal - Fref (12)



Figures 7 and 8 (up) present the results obtaisembaparison between the output of the valve model
and the measured data of the real actuator (Figuiar the output X of ANFI§and Figure 7 the
outputF of ANFIS,). As depicted, we observe a big similarity betwdentwo responses. Figures 7-8
(down) show calculated error for the two responses.
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Fig. 8: (up) Actual output F with the estimated (glown) Residual RF(t)



V.2 Fault diagnosis using ANFIS models

The DAMADICS valve is infected with 19 faults as miened above (table.3) and each fault can be
eitherabrupt or incipient fault. In our study, we choose 4 faults to dem@tstthe effectiveness of the
studied approact¥;, Fi, Fi3 andFe. The parameters of these faults are summarizéabie 4. For
each fault, we calculate the residual using theaxgo 8 based on the structure depicted in Fig énwh
we replace the actuator bloc by the bloc preseintédure 9 infected by the 4 studied faults.

19 faults

Fig. 9: The symbol of infected valve by faults

Table IV: Parameters of faults for Detection and Isolation

Faults Fs trorm tio Fd Type
Fi 1 1000 2000 1 Incipient long
Fio 1 1000 1500 1 Abrupt big
Fi3 1 2700 3600 1 Abrupt big
Fio 0.5 0 1200 1 Abrupt medium

V.3 Generation of residuals (with faults)

We generated the faults based on the measurenfehis gystem and the model. The figures 10 to 13
(a-b) present the generated residuals of the twputal(position of the rod and average flow) fockea
fault.

1. Fault F; (Valve clogging):this fault is simulated within time interval [L0Y®000s].
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Fig. 10: Residuals & , Ren

2. Fault F;o (Servomotor’'s diaphragm perforation): this fault is simulated within time interval
[1000s,1500s].

Fig.11: Residual®«s0, Rero



3. Fault Fi3 (Rod Displacement) this fault is simulated within time interval [20€, 3600s].
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Fig. 12 : ResidualByf3, Rens

4. Fault F9 (Flow rate sensor fault) This fault is simulated within time interval [0 5200s].
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Fig. 13 : ResidualBys19, Rero

V.5 Evaluation of residuals (Faults classification)

After generating the residuals of each fault; thetrstep is the evaluation of these computed vatues
order to classify the detected fault. We used néuzpy classifiers type ANFIS based on training
procedures. Each ANFIS classifier has two inputelwhare the residual of andF for calculating one
output of detected. The structure is shown in ggi4. The overall diagnosis system has as inpats th
residuals (R, Rer1, Rxfio, Rerior Rxriss Reris Rxie @nd Ryg) and the outputs are the faults,(Fio, Fio
F13). The bloc diagram of the faults diagnosis sysi®hefined in figure 15. Figures 16 to 19 present
the detected fault (FFy,, Fioand k).
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Fig. 14 : The structure of fault classifier Fig.15 : Diagram bloc of the faults diagrsosystem
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Fig. 16 : The detected fault F1 using hybrid apphoa Fig. 17 : The detected fault F10
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Fig. 18 : The detected fault F13 Fig. 19 : The detectadlt F19

VI. Conclusion

In this paper, a hybrid approach based on ANFISetso presented for intelligent fault diagnosis.
The proposed diagnosis system is used for detetaints in DAMADICS actuator. We used these

models for three steps (modeling the valve actuaneration of residuals and fault classification)

ANFIS system is well suited for designing inteligecontrollers because it is capable of making
inference ever uncertainty with a learning capaaftgeural networks. The simulation results shosv th

efficiency of the proposed scheme for automatidtfdiagnosis. The advantage of the proposed
approach is the simplicity and the efficiency fodustrial applications.
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