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Abstract 

 Detection of fault as early as possible before it leads to any financial loss or even 

catastrophic failure is very important. Like other systems, faults are inevitable part of 

hydraulic system. Due to its high power transmission capacity, the usage of hydraulic systems is 

high in today’s industry and so is the need for its fault diagnosis. 

 Fault in a hydraulic system can arise due to numerous reasons like change in 

environmental conditions, change in bulk modulus or viscosity of the hydraulic fluid or drop in 

supply pressure. A faulty sensor or malfunction of any actual component in the whole system can 

also lead to failure. Using fuzzy logic a yes/no decision of fault is upgraded to a percent fault 

severity at the output in first part of this study. When a system deviates from its normal residuals 

are generated which are the measure of amount of fault present in the system. These residuals are 

evaluated using fuzzy logic. The performance of system is successfully evaluated and final output 

is fault severity which ranges from 0-100%.  This approach combines fuzzy logic approach which 

is a knowledge based technique with an already developed model based technique.  

Out of these numerous faults that can potentially arise, the second part of this study focuses 

on detection of internal leakage fault in hydraulic actuators. An algorithm which successfully 

detects occurrence of internal leakage in hydraulic system is developed using fuzzy logic. This 

research uses the available knowledge according to which “changes in pattern are observed in the 

second level wavelet transform of the pressure signal measured at one end of the chamber”. 

Combining this knowledge with measured data, membership functions and heuristic rules are 

developed which mimic human mind (logical reasoning) in order to make conclusions regarding 

occurrence of internal leakage fault. Two different algorithms are developed and both are 

repeated taking into consideration data in two different time intervals. These four approaches are 

compared based on results obtained on different sets of data at the end of this dissertation. 

 The method proposed here is a knowledge based method which primarily uses 

fuzzy logic and acts as an extension to already developed model based techniques. Thus 

the final diagnosis made is a combination of model based and knowledge based 

technique. 
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1. INTRODUCTION 
 

1.1   Outline 

A fault is defined as any disruption to expected or normal behavior of a system. Thus, a fault 

is an error which leads to malfunction of the system and in some cases to catastrophic failure. If 

no fault is present, the system is said to be in a healthy or normal condition. In case of a fault the 

system starts deviating from its normal or healthy state. Faults can be categorized into two types:  

‘partial fault failure’ where the system can continue to operate in presence of a small scale fault 

and ‘total fault failure’ where the system needs to shut down or ceases to function for safety 

purpose. 

Fault detection is an integral part of most of the systems especially in applications like 

aircraft control  where faults can lead to a life threatening situation. It is also crucial in high 

precision processes like semiconductor industry, where system faults can cause significant 

financial loss if they went undetected. In these cases it is necessary that the system works reliably 

all the time. Fault detection is an extremely important and at the same time challenging task. The 

amount of fault depends on where the system is used. For example, if a hydraulic system being 

used in an aircraft and it is undergoing a small amount of internal leakage, the fault cannot be 

fixed till the aircraft lands which might be several hours later. On the other hand, if the hydraulic 

system is used in a semiconductor manufacturing facility, huge financial loss can be avoided in 

the upcoming semiconductor wafers by detecting the fault within a few minutes. The design of 

the fault detector depends on the amount of fault the system can tolerate. For example the upper 

and the lower thresholds are relatively close when the system has low amount of fault tolerance 

while it increases as the system’s tolerance to fault increases. 

Like any other system, faults are an inevitable part of a hydraulic system. A hydraulic system 

uses hydraulic fluid under pressure to generate force or motion as its primary driving media. 

Hydraulic systems are widely used in industry due to their capacity to transmit high power. The 

actuator makes use of the power transferred by the hydraulic fluid through fixed lines or flexible 

tubes to generate motion. Due to its capacity to deliver high power, hydraulic systems are used in 

heavy-duty equipment including mechanisms to control aircraft flight surfaces or in excavators to 

move heavy objects. In all of these situations, the consistent and reliable operation of the 

hydraulic system is necessary and expected. 
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A hydraulic system is prone to different types of faults. Changes in environmental conditions 

including temperature or humidity can cause a change in the system parameters like bulk modulus 

or viscosity of the hydraulic fluid causing a considerable deviation from the expected system 

output. A drop in the supply pressure can also lead to an unexpected output. A faulty sensor 

generating incorrect data to the operators often results in misleading control information. Fault 

can also arise due to actual malfunction of any component within the system. 

The leakage of hydraulic fluid is one of the major causes of fault. There are two types of 

leakage present in the system depending on their location. When the hydraulic fluid leaks from 

one chamber of the actuator cylinder to another it is called internal leakage and when it leaks out 

of the cylinder, it is called external leakage. Internal or external leakage or both can cause a 

substantial drop in hydraulic pressure and eventually decrease the velocity or controllability of 

the output shaft. Comparing detection of internal and external leakage one finds that external 

leakage is visible to the operator and hence is easily detectible. This study concentrates on the 

detection of internal leakage in the hydraulic system. The main cause of internal leakage is the 

wear and tear of piston seals which allows the hydraulic fluid to escape from one chamber to 

another without contributing to power output.  

One or more of these faults mentioned above cause the system to deviate from its expected 

output. Reference [1] uses a mathematical modeling approach to detect fault in the system. The 

output of the system is predicted using non-linear observers while the actual output of the system 

is known through the sensors. The difference between the predicted output and the actual output 

yields a ‘residual’. These residuals are a measure of the amount of fault present in the system. 

They are added over a period of time to compute ‘cumulative residuals’. The final decision 

regarding the occurrence of fault is made by evaluating these ‘cumulative residuals’ using the 

threshold concept. In [1], anything outside the upper and lower threshold is considered as a 

system in fault while anything in-between is not. This means that a cumulative residual just above 

the threshold will be considered a fault while the one which is just below is not considered as a 

fault. This “hard cutoff” might, potentially, lead to missing alarms or give false triggers to the 

operator. 

In this study this situation is upgraded to decide on the severity of fault at the output instead 

of a simple yes/no decision. This was done using fuzzy logic where the binary yes/no decision 

regarding fault was converted to a smooth transition from no to yes in terms of severity of fault. 

The performance of the system is successfully evaluated and the final output is the fault severity 
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which ranges from 0-100%. Fuzzy logic is more effective when it is combined with a model 

based technique, like the non-linear observers in this case, to make the final decision. 

Out of the different types of faults that can potentially arise, this study concentrates on the 

internal leakage fault in the hydraulic system. A difference is observed in the second level 

wavelet transform pattern of the pressure signal measured at one end of the (potentially leaky) 

actuator [2]. The amplitude of spikes and their frequency observed in this second level wavelet 

transform before introducing leakage is higher than that after leakage is introduced.  

The fuzzy logic system developed in this study makes use of this information and the other 

available data to develop rules and make inferences regarding the occurrence of fault. In this 

online fault detection system, fuzzy logic is applied at three different levels to the input data. Rule 

based inferences are made at each level by developing membership functions and rules which 

map the input data to the desired output. The final control output is the percent fault severity 

which  is converted to a digital yes/no decision for the presence/absence of internal leakage fault. 

The ‘number based approach’ and the ‘ratio based approach’ are the two different approaches for 

fault detection discussed in the later chapters of the thesis. The fuzzy logic system is developed 

for these two approaches first considering data present in a 20 second data interval and then 

considering the data present in the 60 second data interval. The algorithm is successfully tested 

and the results are compared for different sets of data. 

The methodology is mainly based on the data and the linguistic information available (with 

very little mathematical modeling) [7]. In situations where the amount of uncertainty is high and 

it is difficult and time consuming to perform mathematical modeling, a diagnostic system based 

in fuzzy logic provides a flexible, cost effective tool for fault detection which is reliable to some 

extent depending on its design and application. In this thesis, the percentage of success for the 

available data ranges from 60% (Method I which uses 20 second data interval) to 90% (Method II 

which uses 60 second data interval) for the available data sets.(As shown in the last chapter under 

‘Results’ section) 

Continuous online monitoring of fault in hydraulic system is becoming increasingly 

important. It is necessary and equally important to provide correct information regarding the 

systems health to the operators as quickly as possible in order to guide them toward fixing of fault 

related problems. 
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1.2 Literature Review 

 

1.2.1 Different types of approaches for fault detection 

This section reviews the developments in hydraulic system for fault diagnosis. It briefly 

categorizes the different approaches that can be used to detect faults in hydraulic systems and 

emphasizes on the methodology proposed in this dissertation. These approaches can be mainly 

categorized as follows: 

1) Model based approach 

2) Model free or  knowledge based approach 

3) Combination of model based and knowledge based approach 

 

1) Model Based Approach 

For fault detection in a hydraulic system, generation of residuals using a non-linear observer 

and their evaluation using a statistical method is a widely employed model based technique. In 

this approach, the observer estimates the next state of the system, given the initial state. The 

actual state y(k) of the system is known through the sensors while the expected state z(k) is 

predicted by the non-linear observer. This difference between the actual state and the estimated 

state is known as residual e(k). 

 

Figure 1.1 Nonlinear observer structure 

When the system is in its normal operating condition, the residual is equal to (or nearly) zero. 

On the other hand when the residual is not zero it indicates that the system is diverging from the 

normal or expected state indicating a fault state.  

0
( )

0

NoFault
r t

Fault

≈ ⇒


⇒≫  
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Due to limitations in mathematical modeling, all the aspects of nonlinearity which are present 

in the system cannot be taken into account. Hence, the value of residual is never equal to zero 

even in case of no fault condition but there is always some small value of residual present either 

positive or negative. This gives rise to the concept of thresholds. Any residual between the upper 

and lower thresholds is ‘not’ considered as fault and anything outside the thresholds is considered 

as fault. The threshold is set depending on the systems tolerance limit which in turn depends on 

the area of application of the system.  

A non-linear observer based method using the Lipchitz class of nonlinear equations can be 

seen in [1]. The non-linear observer estimates four different states of the system which are 

velocity, input pressure, output pressure and the spool displacement. Out of these four 

parameters, ‘velocity’ is used for performing residual evaluation. The residuals generated at each 

time interval are added over a period of time into so-called cumulative residuals. These 

cumulative residuals are evaluated by Wald’s sequential test which uses the threshold concept to 

detect the occurrence of fault.  

Similar fault detection techniques using the observers to generate residuals and evaluating 

them to make decisions for the occurrence of fault can be seen in [3], [4], [5], and [6]. 

 

2) Knowledge Based Approach 

Many past controller applications involving diagnoses have been based on extracted 

information from data or an expert’s knowledge or learning from experience in order to develop 

rules. This rule development process provides nonlinear mapping between the inputs and the 

outputs. The knowledge about the system’s input and output or an extensive set of data are the 

basic requirements for knowledge based diagnosis. Different applications of expert systems 

include management decision making, mineral exploration, VLSI design, diagnosis of mechanical 

machinery, diagnostic medicine and many other areas. 

Five stages are suggested in [7] to develop an expert system: 1) identification, 2) 

conceptualization, 3) formulization, 4) implementation, and 5) testing. The first stage determines 

all the input data available for the development process and the resources needed.  In 

conceptualization, the available knowledge about the system and the system’s data are organized 

with the help of an expert. The third stage, formulation, suggests the formal representation of 

relationships between the inputs and outputs of the system written in the form of rules. In the 
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implementation stage, all the knowledge gathered until then is combined and the rules are 

implemented on the inputs. The results are then tested on different sets of input data during the 

final stage. 

This approach is also known as artificial intelligence (AI) or expert system and mimics the 

decision making process of a human expert. The expert systems also consider the ‘uncertainty’ 

which is inherent in any kind of system.  This human like behavior is advantageous in order to 

incorporate the operator’s experience and knowledge in the methodology and guide the 

technicians toward fixing of the problems that cause the fault state. 

Some of the limitations of the expert systems are that a great deal of knowledge and/or data 

needs to be available during model development. These systems involve significant trial and error 

which makes them very time consuming at times to develop [7]. Expert systems normally cannot 

reason when the subject domain is too broad. They are confined to using specific facts and 

heuristics acquired through the knowledge base. Expert system performance degrades rapidly 

when problems range beyond the specific task the system was designed to perform. [7] For these 

reasons, it is difficult to use expert system for particular problem solving alone. They are best 

used in combination with an already developed model which might be mathematical based.  

As the design of an expert system depends on the system’s available data and the expert’s 

knowledge (developed over a period of time), it is almost impossible to develop a fault detection 

system before the actual system is developed and is in actual use for some period of time. 

Neural networks (NN), genetic algorithms and fuzzy logic are expert systems that can be used 

separately or in combination. In [8], neural network models were used for residual estimation to 

detect fault in electro-hydraulic servo system (EHS). Residuals were directly generated from the 

difference between the measured signal and the signal calculated using NN. These residuals are 

then evaluated using the threshold approach to make the decision regarding fault state.  

Another paper [9] proposes the application of the combination of neuro-fuzzy and genetic 

algorithms in mechatronic systems.  It shows the benefits of knowledge based techniques like 

these, over mathematical modeling, in different fields including mechanical engineering, signal 

processing, actuation and control, etc. The results show a higher efficiency, good accuracy as well 

as a better processing of signals than competing techniques. 
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Feed forward NN’s were investigated in [10] for fault diagnosis in the arena of chemical 

processing. Genetic Algorithms are used to obtain optimum and robust fault diagnosis rules in 

[11].  Several other applications of knowledge based methods for fault detection can be seen in 

[12], [13], [14], [15], [16], and [17]. 

 

3) Combination of Model Based and Knowledge Based Approach 

Perhaps the best way to perform fault detection is the combined use of model based and 

knowledge based methods. This is because the controller can combine the advantages and 

eliminate the limitations of both the approaches resulting in a more efficient strategy. A 

combination of model based diagnostic strategies in conjunction with a set of logical rules 

representing human behavior provides an excellent diagnostic scheme as in [18]. 

For example using fuzzy logic rules with a previously developed model can be a good 

approach as it overcomes the complexity of the expert system development and, at the same time, 

provides a smooth transition between decisions. Tasks which require human intuition and 

experience can be well resolved using fuzzy logic system (FLS).  

A rule based approach like FLS is usually the decision making component of such a system 

while the model based approach provides it with some processed results. FLS uses these 

processed results as inputs to make the final decision rather than using the original data from the 

system.  
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Figure 1.2 Combination of model based and knowledge based technique 

 

1.2.2 Basics of Hydraulic System 
 

1) Hydraulics principle 
 

Hydraulic systems are governed by Pascal’s Law. Pascal's law says that the pressure of a 

static hydraulic fluid in a closed system is everywhere the same. The pressure can be calculated 

using the formula 

2

( )
( )

( )

Force pounds
Pressure psi

Area inch
=  

The basic idea behind any hydraulic system is very simple:  

Force that is applied to one point is transmitted to another point using an incompressible 

fluid which is normally oil.  
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2) Overall Working 
 

 The hydraulic system under consideration here is a ‘four way valve controlled linear 

actuator’. Its main components are: a four way proportional valve, a hydraulic actuator, the 

hydraulic fluid, a pump with pressure regulator, various sensors, and flexible hoses. 

 

 

Figure 1.3 Hydraulic System under consideration 

 

These parts work synchronously to produce linear motion at the output. The pump with the 

pressure regulator pumps the hydraulic fluid into the system at the required pressure. This fluid 

enters the solenoid valve at the supply port. The valve allows the flow of this fluid under pressure 

into the left hand side chamber of the cylinder. The pressure causes the shaft to move to the right 

pushing the fluid that was already present in the right hand side chamber out. This return fluid 

exits through the right side of cylinder and enters the solenoid valve. It then exits the valve and 

flows to the reservoir to be pumped into the system again. Events happen in the reverse order the 

shaft is to move in the opposite direction. In this way, all the components work together to 

accomplish the task of linear motion. 

One can observe the flow due to internal leakage in Figure 1.4. A damaged seal allows the 

flow of fluid directly from one chamber of the actuator into the other eventually leading to a 

decrease in output velocity of the shaft. One can also observe the hydraulic fluid leaking out of 
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the chamber mentioned as ‘external leakage’. It is the most recognizable type of leakage. 

Detection of leakage is the first step in controlling it. 

Undetected leakage can cause a substantial drop in the performance efficiency of the 

machine. It also contributes to the environmental damage and financial loss to the company due 

to higher consumption of oil. External leakage such as a burst hose is usually obvious and 

therefore easy to find as opposed to internal leakage. An online fault detection system is proposed 

in this thesis which detects the internal leakage of the hydraulic system.  

 

Figure 2.4 Internal leakage in actuator 
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2.   FUZZY MODELING 

In the “real world” engineers and control operators need to make decisions by analyzing the 

data or the information that is available to them. Information that is not available gives rise to 

uncertainty. As stated in [19]: 

“Uncertainty is the condition in which the possibility of error exists, because we have less 

than total information about our environment” 

The human mind tries to make decisions in the presence of uncertainty. Knowledge based 

systems try to mimic human mind and reasoning in this way. Uncertainty always gives rise to 

complexity. As the amount of uncertainty increases complexity increases too. For example, a 

child learning to ride a bike is ‘uncertain’ regarding how to ride a bike. He knows that one needs 

to sit on it and rotate the pedals but does not know how to balance (has less than total 

information/knowledge) and hence finds it to be a complex task. Comparatively an adult who is 

used to riding a bike has full knowledge and finds it to be a simple task. 

With accuracy there is always a cost involved. It is up to the system user to decide the amount 

of precision required to accomplish a task. There is always a tradeoff between accuracy and cost. 

In some areas the precision required is very high, for example in a semiconductor company where 

chips are fabricated, while in others, like in case of an excavator, less precision should be 

acceptable.  

In day-to-day situations the available information is most probably expressed in natural 

language. With the use of natural language comes a high level of ‘vagueness’. For example when 

one says the water is warm, it might be comparatively cold during the winter season whereas it 

will be hotter during the summer season. Hence there needs to be a quantitative method that takes 

into account the vagueness in natural language when addressing complex problems.   

Different soft computing methods including genetic algorithms, artificial neural networks and 

fuzzy logic each propose, in their own way, a solution for the real world problems mentioned 

above, that is system uncertainty, complexity, precision and vagueness. 

As most of the real world concepts cannot be entirely described using ‘Yes’ or ‘No’, the 

concept of a matter of degree provides the required flexibility to deal with these real world 

situations. ‘Fuzzy set theory’ is a mathematical based framework which enables the study of 
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imprecise and vague concepts. A fuzzy logic based soft computing approach is developed in this 

study to make a decision of whether the fault is present in the system looking at the available data 

and linguistic information. 

2.1   Introduction to Fuzzy Set Theory 

In his paper [20], professor Lofti Zadeh introduced the concept of fuzzy sets. Contradictory to 

crisp set theory, the boundaries of these sets are not precise. In case of crisp sets, an entity either 

belongs to a particular set or it does not. In other words it belongs to one and only one set. 

However, in case of fuzzy sets, a particular entity may belong to a particular set to some extent 

while, at the same time, it may also belong to another fuzzy set but with to a different degree of 

extent. This membership of an entity to a particular set is a matter of degree is called ‘grade of 

membership’ in terms of fuzzy set theory.  

The example seen in the MATLAB fuzzy logic toolbox helps explain the concept of fuzzy 

sets very clearly. According to this example, when one describes a set of “Days of Weekend”, 

they can say, for sure, that Sunday and Saturday belong to the set. However, Friday is a day 

which cannot be explicitly said to belong to that set but it does often kind of feel like a day of the 

weekend. Therefore, in terms of fuzzy set theory, one can say that Friday does belong to the set of 

the “Days of Weekend” but, with a degree of membership equal to 0.7 rather than 1.0 as for 

Saturday or Sunday. Similarly, one can add that Thursday belongs to the set of “Days of 

Weekend” too, but with a degree of membership equal to 0.3. 
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Figure 2.1 Fuzzy Representation 

 

Figure 2.2 Smooth Transition from 'Belongs' to 'Does not belong' 

 So one can see a two valued logic in crisp set theory where the entity either belongs to the 

set or it does not. On the other hand, a smooth transition of items from ‘Does not belong’ to the 

set to ‘Belongs’ to the set can be seen by using fuzzy set theory.   
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2.2.   Fuzzy Systems as Universal Approximators 

Most of the systems found in engineering applications are nonlinear. Fuzzy Logic is an 

effective way of mapping nonlinear functions. Hence, a fuzzy logic system is known as a 

universal approximator. A fuzzy logic system can approximate a non-linear function to arbitrary 

accuracy. This property makes fuzzy logic applicable to a wide variety of applications. 

A fuzzy system approximates a function by covering its graph with fuzzy patches. The 

average of patches is taken wherever they overlap. The accuracy of approximation increases as 

the fuzzy patches become smaller and increase in number [21]. Each patch represents a fuzzy rule 

in the input-output state space of the function. Figure 2.3  shows the fuzzy patches in the input-

output state space covering the actual function f: X�Y. 

It can be seen that the approximation improves as one adds smaller patches, which are greater 

in number. But, the cost and the computation time increases due to increase in complexity of the 

smaller segments of a higher count. Similarly, fewer patches decrease the complexity and 

computation time but they also decrease the accuracy of the approximation. There is always a 

tradeoff between actual cost, computation time and desired accuracy. 

 

Figure 2.3 Four large fuzzy patches representing four different rules and covering part of the 

graph of unknown function f: X����Y 
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Figure 2.4 Fuzzy patches which are smaller and higher in number approximating the same 

function f: X����Y 

2.3 Different methods to design Fuzzy Systems from Input-Output data 

 

Let 0 0( ; )..... 1, 2,3,....,p px y p N=  be the input-output pairs where 
0

[ , ]p

y y
y = α β for 

0

py V∈  and 0 1 1 1 1[ , ] ...... [ , ]px = α β × × α β  for 0

px U∈ . The goal is to design a fuzzy system 

f(x) based on these N input-output pairs. Following are the different methods that can be 

used for the design [22]. 

 
 

2.3.1 Design of Fuzzy Systems using Recursive Least Squares Algorithm 

This part of the chapter describes a recursive least squares algorithm to determine the 

parameters of the fuzzy system. This training algorithm minimizes the sum of matching errors for 

all the input output pairs up to p. So, the goal now is to design a fuzzy system f(x) such that the 

following function is minimized. 

2

0 0
1

[ ( ) ] ....................................................................(1)
p

j j

p

j

J f x y
=

= −∑  

Also if fp is the fuzzy system designed to minimize Jp, then, fp should be represented as a 

function of fp-1 The detailed steps for the design of the fuzzy logic system are as follows: 
 

• Step 1: Suppose that 1 1[ , ] ............... [ , ]
n n

U = α β × × α β . For each [ , ]( 1,2,....., )
i i

i nα β =  

Define 
i

N   fuzzy sets ( 1,2,3......, )il

i i i
A l N=  which are complete in [ , ]

i i
α β .  
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• Step 2: Construct a fuzzy system from the following 
1

n

ii
N

=∏  fuzzy IF-THEN rules: 

IF 1x is  1

1

lA and 
n

x  is nj

n
A , THEN y is 1 ....... nl l

B where 1,2,3......,
i i
l N= , 1, 2,3......,i n=  and 

1 ....... nl l
B is any fuzzy set with the center at 1 ....... nl l

y
−  which is free to change.  For example, a fuzzy 

system with product inference engine, singleton fuzzifier and center average defuzzifier can be 

represented as shown below: 

11

1

1

1

.......

1 1 1

1 1 1

..... [ ( )]
( ) .......................................(2)

..... [ ( )]

n n

lin
i

n

lin
i

N l lN n

l l i iA

NN n

l l i iA

y x
f x

x

−

= = =

= = =

Π µ
=

Π µ

∑ ∑
∑ ∑

 

where 1 ....... nl l
y

−
 are free parameters to be designed and il

i
A  is already designed in 

step1.Collect the free parameters 1 ....... nl l
y

−  into the 
1

n

ii
N

=∏ - dimensional vector. 

2 1 21 1 .... ....1.....11.....1 121.....1( ,..... , ,..... ,...... )n nN N N N NN
y y y y y

− −−− −θ =  

Rewriting equation 1 as ( ) ( )T
f x b x= θ

 

where 

 
2 1 21 1 .... ....1.....11.....1 121.....1( ) ( ( ),....., ( ), ( ),....., ( ),...... ( ))n nN N N N NN Tb x b x b x b x b x b x−=   

• Step 3: Chose the initial parameters (0)θ and the centers of THEN parts 

These (0)θ parameters can be chosen from linguistic rules from the human experts. Then 

choose 1 ....... (0)nl l
y

−
 which are the centers of the THEN parts.  

 

• Step 4: For p=1,2,…. Compute the parameters θ using the recursive least squares 

algorithm [22]. The designed fuzzy system is of the form as in equation (2). 

 

2.3.2 Design of Fuzzy Systems using Clustering 

Choosing an appropriate number of rules in a fuzzy system is important because too many 

rules result in a too complex fuzzy system while too few rules will result in a less powerful fuzzy 

system. The basic idea here is to group the input/output pairs into clusters and use one rule for 

one cluster. First the designer constructs an optimal fuzzy system i.e. a fuzzy system which 

matches all the input output pairs with a certain degree of accuracy. Then determine the clusters 

of the input-output pairs using nearest a neighborhood clustering algorithm, before finally 

viewing the clusters as input-output pairs and then using the optimal fuzzy system to match them. 

The detailed steps are as follows: 
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• Step 1: Starting with the first input-output pair 1 1

0 0( ; )x y  establish a cluster center 1

c
x at 1

0x  

and set 1 1

0(1)A y= , 1(1) 1B = . Select an arbitrary radius r. 

• Step 2: If the kth input-output pair 0 0( ; )k kx y  is considered where k=2,3,….there are M 

clusters with centers at 1 2 3, , ,.... M

c c c c
x x x x  .Compute the distances of 0

kx to these M cluster centers, 

0 , 1, 2,....k l

c
x x l M− = and let the smallest distances be 0

klk

c
x x−  that is, the nearest cluster to 0

kx  

is kl

c
x  Then, 

1) If 0
klk

c
x x r− > establish 0

kx as a new cluster center 1

0

M k

c
x x+ = set 

1 1

0( ) , ( ) 1M k MA k y B k+ += =  and   keep ( ) ( 1), ( ) ( 1)l l l l
A k A k B k B k= − = − for 1, 2,.....l M=  

2) If
 0

klk

c
x x r− ≤  do the following 

 0( ) ( 1)k kl l kA k A k y= − +
 

( ) ( 1) 1k kl l
B k B k= − +

 

and set ( ) ( 1)l l
A k A k= −

 

( ) ( 1)l l
B k B k= −  

for 1, 2,.....l M=  with 
k

l l≠  

• Step 3: If 0

kx does not establish a new cluster , then the designed fuzzy system based on 

the k   input-output pairs 0 0( ; ), 1, 2,3....j jx y j k=
 
is  

2

1

2

0

1

( ) exp( ]
( ) ....................................................(3)

( ) exp( ]

l

cM l

l

k
l

M l

l

x x
A k

f x
x x

B k

=

=

−
−

σ=
−

−
σ

∑

∑
 

 

If 0

kx establishes a new cluster, then the designed fuzzy system is  

2

1

1

2

01

1

( )exp( ]
( ) .......................................................(4)

( )exp( ]

l

cM l

l

k
l

M l

l

x x
A k

f x
x x

B k

+

=

+

=

−
−

σ=
−

−
σ

∑

∑
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• Step 4: Repeat by returning to step 2 with k=k+1 
 

The radius r determines the complexity of design. For a larger r, the number of clusters is less 

and the complexity is less too. For smaller r, the number of clusters increase and the result is a 

more sophisticated system. Practically a good r is obtained from trial and errors. 

 

2.3.3 Design of Fuzzy Systems using a Table Look-Up Scheme 

For any given input-output pair, 0 0( ; )..... 1, 2,3,....,p px y p N=  the goal here is to design a 

fuzzy system using a Table Look-Up scheme. 

 

• Step 1: Define fuzzy sets to cover the input/output spaces 

For each [ , ], 1, 2,3...
i i

i nα β =
 
define 

i
N  fuzzy sets ( 1,2,...., )j

i i
A j N= which are required 

to be complete in[ , ]
i i

α β  that is for any [ , ]
i i i

x ∈ α β there exists j

i
A such that ( ) 0j

i
iA

xµ ≠  

 

• Step 2: Generate one rule from one input-output pair 
 

For each input-output pair, 01 0 0( ,...... ; )p p p

n
x x y  determine membership values of  

0 ( 1, 2,3.... )p

i
x i n= in fuzzy sets ( 1,2,..., )j

i i
A j N=  and membership values of 0

py  in fuzzy sets 

( 1,2,..., )l

y
B l N=  

Then for each input variable ( 1, 2,3.... )
i

x i n=  , determine the fuzzy set in which 0

p

i
x has the 

highest membership value. Finally obtain the fuzzy IF-THEN rules 

IF 1x is 1

jA and …. and 
n

x  is j

n
A , THEN y  is  lB

 

 

• Step 3: Assign a degree to each rule generated in step 2 
 

Sometimes, the number of input-output pairs is too large and it is likely that there are 

conflicting rules. That is the rules with the same IF parts but different THEN parts. To resolve 

this conflict, the designer assigns a degree to each generated rule and keeps only one rule from 

the conflicting group that has the maximum degree. This technique also eliminates the rules 

which have very low importance thus saving a significant amount of computation time. In 

practice, the number of rules is determined from observations and an expert’s advice. 
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• Step 4: Create a fuzzy rule base  
 

A fuzzy rule base as a look up table in the two input case is illustrated in the Figure 2.5  

 

Figure 2.5 Look-up table illustration of the fuzzy rule base 

 

With reference to Figure 2.5, MF1 to MF5 are the membership functions of the first input 

‘Input 1’ and MF6 to MF11 are the membership functions of the second input ‘Input2’. Here each 

box represents a combination of input fuzzy sets and output fuzzy sets and hence a possible rule. 
 

• Step 5:  The designer can chose any inference engine (product or minimum), any 

fuzzifier (Singleton, Gaussian, triangular) and any defuzzifier (Center of area, Mean of 

maximums) module based on the rule base created during Step4. 
 

This approach is well suited for a situation where the number of inputs and their membership 

functions is not too large, i.e. the number of rules is not too large. It is also a simple and direct 

way to apply the available knowledge. Among all the approaches discussed above, this approach 

‘designing of fuzzy systems using a Table Look-Up scheme’ has been used for solving the 

internal leakage detection problem in this thesis.  
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3. EVALUATION OF SYSTEM’S PERFORMANCE 

References [1], [3], [4], [5] and [6] propose a model based approach to detect fault in a 

hydraulic system. It is a two step approach where residuals are generated using the non-linear 

observer in the first step and their evaluation is done in the second step. In [1] they are evaluated 

using the threshold approach. Both these stages involve mathematical modeling.  

 

3.1 Background  

This study directly uses the first part from [1] i.e. estimation of the state of the system using 

non-linear observers and generating residuals, (which is a model based approach). However,  the 

second part which is residual evaluation is upgraded to calculating the severity of output fault 

using a fuzzy logic approach,(which is a knowledge based approach). Thus, this technique for 

fault detection is a combination of model based and knowledge based approach. 

The  schematic of the system under consideration  is  shown in Chapter 1 (figure 1.3). The 

mathematical modeling from [1] which is used in this study, is explored below.  The nonlinear 

equations for the fluid flow distribution in the valve can be represented as follows,           

-

-


= 


d sp s i

i

d sp i r

k wx P P
q

k wx P P                   

0( )
...................(1)

0( )

≥ 


< 

sp

sp

x extension

x retraction

 

  

-

-


= 


d sp o r

o

d sp s o

k wx P P
q

k wx P P

                   

0( )
..................(2)

0( )

≥ 


< 

sp

sp

x extension

x retraction
 

 

Here qi and qo represent fluid flows into and out of the valve, respectively, w is the orifice 

area gradient that relates the spool displacement xsp to the orifice area and kd is the metering 

coefficient. Pi and Po are the input and output line pressures, respectively, while Ps and Pr are the 

pump and return pressures respectively. Continuity equations for oil flow through the cylinder, 

neglecting the leakage flow across the actuator’s piston are:
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( )

.............................................................(3)
( )

•

•


= + 


= − +


i
ii i

o
oo o

V x
q P Av

V x
q P A v

β

β  

where 
•

=v x   is the actuator’s linear velocity, Ai and Ao are the piston effective areas and Vi 

(x) and Vo (x) are the volumes of the fluid trapped at the sides of the actuator, including hoses and 

β is the effective bulk modulus of the hydraulic fluid.  

A first-order model showing the relationship between the spool displacement, xsp and the 

input voltage u is shown in the equation (4) 

1
.................................................................(4)

•

= +sp sp

sp sp

u x x
k k

τ

 

where ksp and τ are gains characterizing the dynamics of the valve. The equation defining the 

piston dynamics is as follows:
 

( ) ...................................................(5)
•

= − = +
i i o o d

F PA P A mv f v
 

where fd is the equivalent viscous friction and m is the mass of the actuator. 

The hydraulic system being nonlinear, can be expressed in terms of following equations: 

0

( ( ), ( ))....................................................................(6)
(0)

• =


=

x g x t u t

x x
 

From these equations the state vector is defined as follows:

 
1 2 3 4[ ]  = =  

T
T

i o sp
x x x x x v P P x

 

Equations (1) to (5) are rearranged as follows: 
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1 1 2 3
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3 1 4 3

4 4

1
[ ]

[ ]; 0

[ ]; 0

[ ]; 0

[ ]; 0

1
[ ]

•

• •

• •

• •

• •

• •


= = − + −


= = − + − ≥



 = = − + − <
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V
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V
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β
ω

β
ω
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Combining equations (3) and (5), and transforming equation (6) into a suitable form the 

author obtains,
 

( ( ), ( )) ( ) ( ( ), ( )) .........................................(8)
( ) ( )

• = = +


= 

x g x t u t Ax t f x t u t

y t Cx t  

where matrices A and C and the nonlinear terms f(x, u) of the state model are as follows (ref 

equation (9) and equation (10)): 

0
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1 2 3 4[1 0 0 0][ ] ..........................................(11)= T
y x x x x

 

As, seen from equation (7), the observer predicts four parameters of the system: velocity, 

input pressure, output pressure, and spool displacement. All of these can be used to calculate the 

value of the error residual. However, the author chose to make use of only one measurement, 

which is velocity, for residual calculation and further evaluation.  

The velocity and the control signal u are used as observer inputs, whose dynamics are of the 

form: 

( ( ), ( ), ( ))................................................................(12)

•
∧ ∧

=x x t y t u tφ
 

The block diagram of the overall system can be seen in the Figure 3.1 below. The state of the 

system predicted by the nonlinear observer is denoted by z(k), the actual state of the system is 

denoted by y(k) and the residual, which is the difference between the two, is denoted by e(k). 

* ( ) * ( )( ) y k M z k
p p

e k M −=

 

where Mp is an identity matrix of size ×m n , 4 1= ×M Ip  

The elements of the state vector  ≈  
T

i o sp
z v P P x are velocity v, input pressure Pi, 

output pressure Po and xsp spool displacement. As only the velocity residual is taken into account, 

the identity matrix Mp becomes [1 0 0 0].  
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Figure 3.1 Block diagram of the original system 

 

Theoretically, these residuals should be zero under an unfaulted condition. However, in 

practice, because of system noise, inexact mathematical modeling and system nonlinearity, this 

residual is never exactly zero even under an unfaulted condition, but will display a small value 

either positive or negative. 

In the later part of [1] the residuals are evaluated using the Wald’s Sequential test. In this 

statistical method, a cumulative residual below the threshold is not considered a fault. However, 

as it crosses the threshold, the system is considered to be faulty. (A cumulative residual is the 

residual added over a period of time) There are several drawbacks in this approach.  

Firstly, the output is a binary decision concerning fault: present or not. Secondly, a value of 

cumulative residual just above the threshold is marked a fault while another residual just below 

the threshold is not. This might lead to missing alarms and false triggers. This information could 

be potentially misleading to the operators working on the hydraulic system. 

This method does not consider a smooth transition between the faulty and the unfaulted 

condition. It does not provide any information about the state of potential fault if the cumulative 

residual value lies in between the thresholds. In order to reduce the effect of these issues this 

author will work to replace this binary logic by multi-valued one using fuzzy logic. This study 

will overcome the drawbacks mentioned above by replacing the output from a yes/no decision to 

one generating a smooth transition, in percentage of fault, using fuzzy logic. Thus, this author will 
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replace the statistical modeling approach for residual evaluation found in [1] with a rule based 

inferencing method..  

3.2 Role of Fuzzy Logic 
 

The block diagram for the overall system is as shown below where u(k) is the control signal 

input to the system. As already seen, the difference between the expected state z(k) and the actual 

state of the system y(k) gives the residual e(k). The value of residual is added over a period of 

time which gives the cumulative residual ∑e(k). This value is subtracted from the predefined 

threshold and is called ‘cumulative residual difference’. The ‘residual’ and the ‘cumulative 

residual difference’ are the two inputs to the fuzzy logic system. 

∫

∫g

C

C

φ

x

x
∧

Figure 3.2:  Block Diagram of the proposed system 

 

The farther the value of cumulative residual from the upper threshold, the lower is the severity 

of fault. That means for lowest fault severity, the cumulative residual difference should be a 

positive value. Once it starts approaching the threshold, the cumulative residual difference value 

starts approaching zero and the severity of fault increases. And, when it crosses the threshold, its 

value goes into negative and the severity of fault is the highest at this time. 

Similarly, the ‘residual’ which is the second input to our fuzzy logic system is bounded 

between the upper and the lower threshold. When the residual is close to zero, it will have the 

lowest fault severity. On the other hand, as the value of residual starts increasing by a positive or 

negative value and it approaches the threshold, the fault severity starts increasing too. Note that 

the thresholds are determined by observations. They will vary depending upon the fault tolerance 
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of the system which in turn depends on where the system is used. Having the knowledge of these 

conditions, the designer can decide on the final fault severity by comparing both these inputs. 

Figure 3.3 illustrates the actual and calculated velocities. The difference is due to the error 

introduced in the actual system by adding random noise to the velocity during simulation. 
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Figure 3.3 Actual velocity and observed velocity vs time 

The plot of residual, cumulative residual, cumulative residual difference along with the 

thresholds can be seen in Figure 3.4 and Figure 3.5. As described earlier, the ‘residual’ and the 

‘cumulative residual difference’ are the two inputs to the fuzzy logic controller. 
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Figure 3.4 ‘Residual’ along with the upper and lower thresholds vs ‘Number of Observations’ 
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Figure 3.5 Cumulative residual and the cumulative residual difference along with the upper 

and lower thresholds vs ‘Number of Observations’ 

3.3   Methodology 

3.3.1 Designing Membership Functions 

The first input is the computed residual has a universal space defined from -0.1 to 0.1 from 

observations. If the value of this residual goes beyond this range, it is considered to be in 100% 

fault. This input is divided into 7 membership functions namely, Big Negative (BN), Negative(N), 

Small Negative(SN), Zero(Z), Small Positive(SP), Positive(P) and Big Positive(BP) as shown in 

Figure 3.6. 

 

Figure 3.6 Membership functions for the first input 'Residual' 
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Similarly, 5 membership functions are developed for the second input which is ‘cumulative 

residual difference’. They are Large Negative (LNeg), Medium Negative (MNeg), Small Negative 

(SNeg), Zero (Zero) and Positive (POS) as seen in figure 3.7. Here too the universal space is 

defined from -10 to 1 from observations and a value that goes beyond this range is considered to 

be a 100% fault. 

 

Figure 3.7 Membership functions for the second input 'Cumulative Residual Difference’ 

The membership functions for the output i.e. fault severity are F0, F1, F2, F3, F4, F5 and F6 

where F0 represents the lowest fault severity and F6 represents the highest fault severity. Here the 

universal space is from zero (0) to 100 where ‘zero (0)’ represents 0% fault and 100 represents a 

100% fault. The selection of the type of the membership functions and their parameters is done 

based on the simple guidelines suggested in [19]. The membership functions are shown in figure 

3.8. 

 

Figure 3.8   Membership functions for the output 'Fault Severity' 
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3.3.2 Rule Based Inferencing 

Inference rules which relate the two inputs to the output were developed. They are 

summarized in the Table I. As seen in table I, there are in all 35 rules. For example, if the residual 

is Big Positive (BP) and the cumulative residual difference is Large Negative (LNeg) then the 

output fault severity is the highest (F6). Similarly, if the residual is Zero (Z) and the cumulative 

residual difference is Positive (Pos) then the output fault severity is the lowest (F0). 

Table I: Rule Based Inference 
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BP 

Pos F3 F2 F1 F0 F1 F2 F3 

Zero F4 F3 F2 F1 F2 F3 F4 

SNeg F5 F4 F3 F2 F3 F4 F5 

MNeg F6 F5 F4 F3 F4 F5 F6 

LNeg F6 F6 F5 F4 F5 F6 F6 

 

 

3.3.3 Defuzzification 

After converting all the crisp information into fuzzy the last step is to reverse that effort. 

Converting the fuzzy information back to crisp is known as defuzzification. The center of 

area/centroid method was used by this author to defuzzify these sets.  This approach can be 

represented mathematically as follows: 

( )

( )

f f
i i

Defuzzified value
f
i

µ

µ

Σ
=

Σ

i

 

where fi is the fault severity at the output and µ(fi) is the output membership function. 
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3.3.4 Simulation 

 

This simulation was carried out in MATLAB SIMULINK using a fuzzy logic controller from 

the fuzzy logic toolbox. As shown in Figure 3.9, the upper subsystem represents the actual system 

(actual state of the hydraulic system) and the lower subsystem is the nonlinear observer (which 

predicts the state of the system). The SIMULINK diagram is the implementation of the block 

diagram shown in Figure 3.2. The simulation is carried out using a unit step input. Fault is 

introduced in the actual system by adding noise to the velocity in the actual system and different 

fault severities are tested at the output.  

 

 

Figure 3.9 MATLAB/SIMULINK mode 
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3.4 Results: Rule Viewer 
 

The rules can also be seen from the rule viewer using the fuzzy logic toolbox in MATLAB 

software. When the residual is 0.01, it is far away from both the upper and lower thresholds 

(almost at the center) and hence, has lower fault severity. Also, the cumulative residual difference 

is 9 which means the difference between the actual value of cumulative residual and threshold is 

high i.e. cumulative residual is far away from the threshold. Hence, the fault severity should be 

low. A combination of these values of residual and cumulative residual gives fault severity 

percentage of 9.96% which is low. Similarly, when the residual is 0.089 it indicates that it is very 

close to the threshold. A cumulative residual difference of -9 indicates that the threshold has been 

already crossed by the cumulative residual (hence it is negative). Both of these conditions lead to 

a very high fault severity of 98.4%. This can be seen with the help of the rule viewer facility in the 

fuzzy logic toolbox. These examples are shown in Figure 3.10 and Figure 3.11 respectively with 

the help of rule viewer. 

 

Figure 3.10 Test Results for low fault severity 
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Figure 3.11 Test Results for high fault severity 

3.5 Summary 

The main goal here was to provide system operators continuous online information about the 

system’s health which, in turn, would guide them to make decisions. This information needs to be 

given  as early as possible in order to avoid any further serious damage to the system.  

Using fuzzy logic over conventional method like Wald’s sequential test [1] has several 

advantages. It provides the important information about system’s health as the values move 

between the thresholds as well as when they are exceeded. It provides information that transitions 

smoothly from an unfaulted to faulty condition. This also helps to eliminate false triggers and 

missing alarms. Fuzzy logic is a good option because there is no general mathematical model 

available which describes the output fault severity based on the available inputs. . The available 

knowledge which is ‘The amount of fault increases as the value of residuals and cumulative 

residuals approach the thresholds’ can be directly incorporated in the design of fuzzy logic for 

fault detection process. This eliminates the need of detailed mathematical modeling (which would 

typically need development of a mathematical formula considering the residual and the 

cumulative residual values as variables). The method used in this study is comparatively a simple 

and can provide a systematic line of reasoning to draw conclusions regarding fault. 
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4. INTERNAL LEAKAGE FAULT DETECTION 

4.1 Overview 

One of the main concerns in any the hydraulic system is the leakage fault. As seen 

previously, leakage can be of two types depending, on their location. In internal leakage the 

hydraulic fluid leaks from one chamber of the cylinder in a hydraulic actuator to another. This 

happens due to a damaged piston seal which allows an undesired flow of fluid from one chamber 

directly to the other to another. The seal can be damaged for a number of reasons including wear 

and tear, contamination from external elements like dirt, improper installation, improper 

lubrication, chemical breakdown of the seal material etc. The second type of leakage is external 

leakage, here hydraulic fluid leaks out of the cylinder and is also caused due to damaged seals. 

Both types of leakage have a negative impact on the systems performance. External leakage can 

be directly observed but it is not possible to detect internal leakage easily until the component or 

full system performance starts degrading. 

A new technique to determine faults by extracting feature patterns from spectral signals has 

recently emerged. Wavelet transforms are found to be more effective than the spectrum analysis 

approach in detecting faults in pumps. A wavelet transform is a signal processing method that is 

capable of providing the time and frequency domain information simultaneously. The time-

domain signal is passed through various high pass and low pass filters, which filters out both high 

frequency and low frequency portions of the signal. This procedure is repeated, every time some 

portion of the signal corresponding to selected frequencies is removed from the signal.  

In this study the project team concentrated on the detection of malfunction in the operation of 

the hydraulic system due to internal leakage.  In [2], a method for offline diagnosis of internal 

leakage faults in hydraulic actuators, based on the difference in patterns observed in their wavelet 

transform was developed. This method uses the signal processing method of wavelet transform 

that breaks the original signal into shifted and scaled versions of the original signal. The pressure 

signal at one end of the chamber is measured. It is then decomposed into approximate and 

detailed wavelet coefficients using the multiresolution signal decomposition technique as 

described in the sentences above. It was found in the work done in [2] that a signal decomposed 

in such a way up to the  second level, carries feature patterns whose use can distinguish between 

the presence or absence of internal leakage, i.e. between ‘faulty’ and ‘unfaulted’ conditions. It is 

found that the changes in the level two coefficients during absence of leakage are larger both in 



 34 

amplitude as well as energy, compared to those during leakage. Thus, the spikes that were 

visually noticed in the second level wavelet transform are larger, in magnitude and frequency, 

before leakage is introduced compared to those after the leakage is introduced. [See Figure 4.1] 

The fuzzy logic system (FLS) developed here makes use of this information and the available 

system’s data to develop an online fault detection system which is able to detect the occurrence of 

leakage. 

4.2 Methodology 

The change in the pattern in the level two wavelet transform can be seen in the Figure 4.1  

after leakage was introduced manually at the 300th second. 

 

Figure 4.1: Change in pattern in the second level wavelet transform when leakage was 
introduced at 300th second 
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One can observe a decrease in the amplitude and the frequency of spikes in second level 

wavelet transform (d2) after the leakage was introduced after 300th second. This knowledge forms 

a basis for the fuzzy logic detection system developed in this research.  

As a first step in developing the fuzzy logic system for detection of leakage fault the designer 

tried to classify the spikes by their magnitude. Observing Figure 4.1 all the spikes with absolute 

magnitude around 0 to 40 are defined as small spikes, all the spikes with absolute magnitude 

around 40 to 100 as medium spikes and all the spikes with absolute magnitude greater than about 

100 as large spikes.  It was observed that there is no change seen in the number of small spikes 

when comparing the ‘no leakage’ region and the ‘leakage’ region. Thus, all the ‘small spikes’ in 

our decision making process were ignored. However, a significant change in the amplitude and 

the frequency of the medium and large spikes was observed. Hence, these two inputs were used 

for the fault detection algorithm. Further more, two different methods are proposed. The first one 

uses the ‘number of medium spikes’ and the ‘number of large spikes’ as inputs. While in the 

second approach the ‘ratio of medium spikes’ and the ‘ratio of large spikes’ are used as inputs. In 

both the methods, the fault decision is made after every 20 seconds (looking at 20 second data 

interval at one time). Both methods are repeated for a 60 second data interval. Finally, the results 

are compared at the end for different data sets. 

4.3 Method I 

 In this approach, fuzzy logic is applied at three levels as seen in Figure 4.2. At the first 

level, the classification of a spike as ‘Medium’ or ‘Large’ is done using fuzzy sets ‘Medium’ and 

‘Large’ instead of a crisp classification. For example, if this were a crisp definition, one could 

have said that a spike having absolute magnitude exactly between 40 and 100 is a ‘Medium’ spike 

and the one having absolute magnitude greater than 100 is a ‘Large’ spike. So, a spike of 

magnitude 94 will belong to the set ‘Medium’ completely and will not belong to the set ‘Large’ at 

all. But, due to uncertainty in both measurement and time, the designer would have to say that a 

spike having absolute magnitude around 40 to 100 is a ‘Medium’ spike and a spike having 

absolute magnitude greater than around 100 is a ‘Large’ spike. In this case, a spike of magnitude 

94 will belong to the fuzzy set ‘Medium’ with a grade of membership 0.74 and to the fuzzy set 

‘Large’ with a grade of membership 0.26.  

Considering the fuzzy sets ‘Medium’ and ‘Large’ as inputs, the ‘number of medium spikes’ 

and the ‘number of large spikes’ are counted for an interval of 0-20 seconds. These two sets 
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‘number of medium spikes’ and ‘number of large spikes’ are the inputs for the fuzzy decision 

making block at the second level. Then a decision regarding fault severity from 0-20 seconds is 

made. Similarly, a decision regarding fault severity from 20-40sec and 40-60 seconds is made. 

These three decisions act as an input for the third and the final level of fuzzy decision making 

block where a final decision regarding the fault severity is made. The detailed design of these 

three levels is explained in the following paragraphs. 

 

Figure 4.2: Fuzzy logic applied at three levels for decision making process (Method I) 
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1)  Level 1 

At the first level there is a fuzzy definition of a medium and large spike. Looking at the data 

if the medium and large spikes are defined crisply, then a spike of magnitude between 40 and 100 

could be considered as a medium spike while a spike having magnitude greater than 100 could be 

considered as a large spike. However, these definitions involve some amount of uncertainty. So, 

in order to account for that, a medium spike is linguistically defined as a spike having magnitude 

around 40 to 100. So, a spike of magnitude 35 belongs to the fuzzy set ‘Medium’ with grade of 

membership 0, a spike of magnitude 40 belongs to the fuzzy set ‘Medium’ with grade of 

membership 0.5, and a spike of magnitude 45 belongs to the fuzzy set ‘Medium’ with grade of 

membership 1. Similarly, the upper boundary for the medium spike which is around 100 is 

fuzzified from 90 to 110. This can be visualized from the figure 4.3 below: 

 

 

Figure 4.3 Crisp and fuzzy definitions of a medium spike 

 

Similarly, the crisp definition of ‘Large’ will be a spike having magnitude greater than 100. 

Now, to incorporate the amount of uncertainty in this assumption, a large spike is linguistically 

defined as a spike with magnitude greater than about 100. Similar to the medium spikes, the 

fuzzy definition of ‘Large Spike’ can be seen in the figure 4.4 where a spike of magnitude 90 

belongs to the fuzzy set ‘Large’ with a grade of membership 0, a spike of magnitude 100 belongs 

to the fuzzy set Large with a grade of membership 0.5 and a spike of magnitude 110 belongs to 

the fuzzy set Large with a grade of membership 1.  
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                Figure 4.4 Crisp and fuzzy definition of a large spike 

 

The universe of discourse is restricted from 0-300. That means the absolute magnitude of any 

spike under consideration should range from 0-300. So, any spike of absolute magnitude ‘greater 

than 300’ is considered to be of absolute magnitude of ‘300’ and will belong to the fuzzy set 

‘Large’ with a degree of membership 1.  

To summarize the first fuzzy level, two fuzzy sets ‘Medium’ and ‘Large’ are defined and the 

belonging of any spike to any of these sets is not 0 or 1 but is a matter of degree. Going forward, 

these definitions will be helpful in counting the ‘Number of Medium Spikes’ and ‘Number of 

Large Spikes’.  
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Figure 4.5: Defining fuzzy sets ‘Medium’ and ‘Large’ 

2)  Level 2 

After defining a spike as medium or large or belonging to both to a certain degree, the total 

‘number of medium spikes’ and the total ‘number of large spikes’ is counted for a time period of 

0-20 seconds. After counting the resultants which are total number of medium spikes 

‘NumMedSpikes’ and the total number of large spikes ‘NumLargeSpikes’, serve as inputs to the 

second level FLS. For example, a spike having magnitude 94 in the 0-20 second interval, will add 

0.74 to the set ‘NumMedSpikes’ and 0.26 to the set ‘NumLargeSpikes’. (Note: If this was a crisp 

definition, it would have been right to add 1 to the set ‘number of medium spikes’ and 0 to the set 

‘number of large spikes’). Similarly, each spike in the interval is inspected for its magnitude and 

belongingness to the fuzzy sets ‘NumMedSpikes’ and/or ‘NumLargeSpikes’. 

The universal space for the first input ‘NumMedSpikes’ is considered to be from 0-300. If 

that number exceeds 300, then it is considered to be 300. Four membership functions are defined 

in this universal space for the input ‘NumMedSpikes’ namely, 

• Zero (Zero), Trapezoidal, parameters: [0  0  7  16] 

• VeryVeryFew (VVFew), Triangular, parameters: [4  30  58] 

• VeryFew(VFew), Triangular, parameters: [31  60  90] 

• Few(Few), Trapezoidal,parameters: [68  100  300  300] 
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Figure 4.6 Membership function plot for first input variable ‘NumMedSpikes’ 

 

Similarly, the universe of discourse for the number of large spikes ‘NumLargeSpikes’ is from 

0-100. Again if the number exceeds 100, then it is considered to be 100 for the purpose of 

defining the universal space. The membership functions defined for the second input 

‘NumLargeSpikes’ are  

• Zero (Zero), Triangular, parameters: [0  0  1  3] 

• VeryVeryFew (VVFew), Triangular, parameters: [1.5  4  8] 

• VeryFew(VFew), Triangular, parameters: [4  8  15] 

• Few(Few), Trapezoidal, parameters: [10  15  100  100] 

 

Figure 4.7 Membership function plot for second input variable ‘NumLargeSpikes’ 
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These values of the universal space and the parameters for the membership functions are 

decided based on the available data. Looking at the data, one can distinguish between the number 

of medium spikes in the area before the leakage was introduced and compare it to that after the 

leakage was introduced. Similarly, looking at the number of large spikes in those two areas from 

the available data, the universe of discourse and the parameters of membership functions are 

decided. A substantial amount of trial and error is needed as the available data contains an 

arbitrary amount of inaccuracy. 

Based on these two inputs: number of medium spikes ‘NumMedSpikes’ and number of large 

spikes ‘NumLargeSpikes’, the decision regarding the fault severity is made at the output for 0-20 

seconds. The output is a fault severity on a scale 0-1 where 0 represents 0% fault and 1 represents 

100% fault. Hence, the universe of discourse for the output fault severity ranges from 0-1. The 

names of membership functions, their shape and the parameters are given below: 

• Low, Trapezoidal, parameters: [0  0  0.14  0.5] 

• Medium, Trapezoidal, parameters: [0.14    0.4   0.6   0.8] 

• High, Trapezoidal, parameters: [0.5  0.8  10] 

0

1

1

Low Medium High

Output Variable ‘FaultSeverity’

0.14 0.50.4 0.6 0.8

 

Figure 4.8 Membership function plot for output variable ‘Fault Severity’ 

 

The rules that relate the first input variable ‘NumMedSpikes’ and the second input variable 

‘NumLargeSpikes’ to the output ‘Fault Severity’ are shown in table II. 
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Table II. Fuzzy Rule Base relating the two inputs ‘NumLargeSpikes’ and ‘NumMedSpikes’ 

to the output ‘Fault Severity’ 

 

Second input variable ‘NumLargeSpikes’-> 

 

F
ir

st
 i

n
p

u
t 

v
a
ri

a
b

le
  
  
  
  
  

‘N
u

m
M

ed
S

p
ik

es
’ 

->
 

 Zero VVFew VFew Few 

Zero Yes Yes Yes Maybe 

VVFew Yes Yes Maybe No 

VFew Yes Maybe No No 

Few Maybe No No No 

 

As the number of medium spikes or large spikes decreases from Few to Zero, the output fault 

severity increases from no to yes. This is the fuzzy logic representation of the basic assumption 

made by looking at the second level wavelet transform which is: 

The number of medium and large spikes decreases in amplitude and frequency after the 

leakage is introduced.  

Thus, the available information from knowledge and data is incorporated into the fuzzy logic 

fault detector to make the decision regarding fault. The fuzzy inference engine uses these rules 

and the membership functions to make inferences. 

3)  Level 3 

 After defuzzification, the result obtained is a crisp value denoting the actual fault severity of 

the fault at the output. This output fault severity called ‘FaultSeverity1’ is calculated looking at 

the number of medium spikes and large spikes in a data interval of 0-20. Same method is used to 

calculate the output fault severity for the 20-40 second interval called ‘FaultSeverity2’ and then 

40-60 second interval called ‘FaultSeverity3’. At the end of 60 seconds, a final third level FLS 

decides a final output fault severity based on these three inputs which are the outputs from the 

previous level, level2. 
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The membership functions for each of these three outputs i.e. ‘FaultSeverity1’, 

‘FaultSeverity2’ and ‘FaultSeverity3’ are assigned as Low, Medium and High and they act as 

inputs for final fault decision. As the inputs and output both are fault severities the universal 

space for them is from 0-1 where 0 represents 0% fault and 1 represents 100% fault. Hence, the 

universe of discourse for all three inputs and the final output is from 0-1. The names of 

membership functions, their shape and the parameters are same for all three inputs shown below: 

• Low(L), Trapezoidal, parameters: [0  0  0.2  0.4] 

• Medium(M), Trapezoidal, parameters: [0.2  0.4  0.6  0.8] 

• High(H), Trapezoidal, parameters: [0.6  0.8  1  1] 

 

Figure 4.9 Membership function plot for input variables ‘Fault Severity1’/‘Fault Severity2’ 
/‘Fault Severity3’ 

 

Finally for output which is ‘FinalFaultSeverity’, the membership functions, their shape and 

the parameters  are  

• No(N), Trapezoidal, parameters: [0  0  0.2  0.4] 

• Maybe(M), Trapezoidal, parameters: [0.2  0.4  0.6  0.8] 

• Yes(Y), Trapezoidal, parameters: [0.6  0.8  1  1] 
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Figure 4.10 Membership function plot for output variable ‘FinalFaultSeverity’ 

 

 The rules that relate the three inputs ‘Fault Severity1’, ‘Fault Severity2’ and ‘Fault 

Severity3’to the output ‘FinalFaultSeverity’ are summarized in the table III: 

 

Table III  Rules that relate the three inputs ‘Fault Severity1’, ‘Fault Severity2’ and ‘Fault 

Severity3’to the output ‘FinalFaultSeverity’ 

Rule 
No. 

Input          
1-2-3 

Output  
Rule 
No. 

Input 
1-2-3 

Output  
Rule 
No. 

Input 
1-2-3 

Output 

1 L-L-L N  10 M-L-L N  19 H-L-L N 

2 L-L-M N  11 M-L-M N  20 H-L-M M 

3 L-L-H Y  12 M-L-H Y  21 H-L-H Y 

4 L-M-L N  13 M-M-L M  22 H-M-L N 

5 L-M-M N  14 M-M-M M  23 H-M-M M 

6 L-M-H Y  15 M-M-H Y  24 H-M-H Y 

7 L-H-L M  16 M-H-L M  25 H-H-L M 

8 L-H-M M  17 M-H-M Y  26 H-H-M Y 

9 L-H-H Y  18 M-H-H Y  27 H-H-H Y 
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These rules are developed from the general observations looking at the data in 3 consecutive 

intervals of 20 seconds. For example, if the fault severity in all the 3 intervals is low, it indicates 

that there is least probability of that leakage fault is present. So, in this case, the final output 

severity is ‘No’. This can be seen in rule no. 1. 

Similarly, if the fault severity is high especially for the 3rd time slot, then there is high 

probability that the leakage fault is present. So, in all those cases which have a high fault severity 

in the third a slot, the final fault severity is high. So, the final output severity is “Yes” in that case. 

This can be seen in rule no. 3, 6, 9, 12, 15, 18, 21, 24 and 27. 

 However, if the fault severity is high in the first time slot and low in both the next, then there 

is very less probability that the leakage fault is present. So, the final output severity is “No” in 

that case. This can be seen in rule no. 19. 

After defuzzification, a crisp value denoting the final severity of the fault at the output is 

obtained. As, the first fault severity is looking at the 0-20 second data interval, 2nd looking at 20-

40 second data interval and 3rd looking at the 40-60 second data interval, the 1st final decision is 

made at the end of 60th second. 

This process is repeated for next three time slots of 20-40 seconds,40-60seconds and 60-80 

seconds and to obtain final fault severity at the end of 80th  second. The next decision is made 

looking at the three time slots of 40-60seconds, 60-80 seconds and 80-100 seconds and to obtain 

final fault severity at the end of 100th second. This process continues and a final decision 

regarding fault severity is obtained at the end of each 20 second data interval. This is represented 

in figure 4.11. 
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Figure 4.11 Final decision regarding fault severity made at the end of each 20 second data 
interval 

 

The same process is repeated for a time interval of 60 seconds instead of 20. The membership 

function parameters differ in that case because the number of medium and large spikes found in 

an interval of 20 seconds is not same as that in a 60 second interval. However, the shape of the 

parameters and everything else remains the same. The results of this algorithm on different data 

sets for 20 second and 60 second data interval are compared in the consecutive chapter. 

 Also, note that in this case an output is obtained after every 60 seconds i.e. first output 

will be seen at 60th second, 2nd at 120th second, 3rd at 180th second and so on.  
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4.4 Method II: 

 Method II has the same overall concept as in Method I except for a couple of differences. 

The first difference could be found in level two where instead of using the ‘number of medium 

spikes’ and ‘number of large spikes’ as inputs for determining the fault severity the ‘ratio of 

medium spikes’ and the ‘ratio of large spikes’ are used as inputs. 

 

        Ratio of medium spikes =                   Number of medium spikes 
                                      Total Number of spikes (small + medium + large)  

 

       Ratio of large spikes =                Number of large spikes 
                                         Total Number of spikes (small + medium + large)  

 

The second change found at level three is that instead of using 0-20 seconds, 20-40 seconds 

and 40-60 seconds data interval, for final decision, a data interval of 0-20 seconds, 0-40 seconds 

and 0-60 seconds data interval is used for final decision. This continues for the next cycle which 

is from 20-40, 20-60 and 20-80 seconds and so on. Because they are ratios, the data is more 

normalized as compared to the earlier method. These changes are highlighted in Figure 4.12 

 

1)  Level 1 

Level one is everything same compared to the first method where fuzzy sets ‘Medium’ and 

‘Large’ are obtained which act as two inputs for the next level. 
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Figure 4.12: Fuzzy logic applied at three levels for decision making process (Method II) 
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2)  Level 2 

After defining a spike as medium or large or belonging to both to a certain degree, the ‘ratio 

of medium spikes’ and the ‘ratio of large spikes’ is calculated for a time period of 20 seconds, 40 

seconds and 60 seconds respectively. These ratios are the ratios of number of medium or large 

spikes to the total number of spikes present in the 20 second, 40 seconds and 60 seconds data 

interval. These ratios are denoted by ‘RatioMedSpikes’ and ‘RatioLargeSpikes’ respectively 

which are inputs to the second level FLS.  

The universal space for the first input ‘RatioMedSpikes’ is considered to be from 0-100. If 

the number exceeds 100, then it is considered to be 100. Four membership functions are defined 

in this universal space for the input ‘NumMedSpikes’ namely, 

• Zero , Trapezoidal, parameters: [0  0  4  10] 

• Small , Triangular, parameters: [4  12  20] 

• Medium, Triangular, parameters: [14  20  30] 

• Large, Trapezoidal, parameters: [22  30  100  100] 

 

 

Figure 4.13 Membership function plot for first input variable ‘RatioMedSpikes’ 
 

Similarly, the universe of discourse for the ratio of large spikes ‘RatioLargeSpikes’ is from 0-

10. Again if the number exceeds 10, then it is considered to be 10 for the purpose of defining the 

universal space. The membership functions defined for the second input ‘RatioLargeSpikes’ are  
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• Zero , Trapezoidal, parameters: [0  0  0.5  1] 

• Small , Triangular, parameters: [0.5  1.2  2] 

• Medium, Triangular, parameters: [1.4  2  3] 

• Large, Trapezoidal, parameters; [2  3  10  18] 

 

 

Figure 4.14 Membership function plot for second input variable ‘ratioLargeSpikes’ 

Based on these two inputs: ratio of medium spikes ‘RatioMedSpikes’ and ratio of large spikes 

‘RatioLargeSpikes’, the decision regarding the fault severity is made at the output for 0-20 

seconds first, then 0-40 seconds and then 0-60 seconds in the 1st iteration. The output is a fault 

severity on a scale 0-1 where 0 represents 0% fault and 1 represents 100% fault. Hence, the 

universe of discourse for the output fault severity is from 0-1. The rules and the inferencing 

methods are same as those discussed in method I.  

The names of membership functions, their shape and the parameters are as follows: 

• Low, Trapezoidal, parameters: [0  0  0.14  0.5] 

• Medium, Trapezoidal, parameters: [0.14    0.4   0.6   0.8] 

• High, Trapezoidal, parameters: [0.5  0.8  10] 
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Figure 4.15 Membership function plot for output variable ‘Fault Severity’ 

 

3)  Level 3 

 The second change from method I is the data interval. Instead of taking intervals from 0-

20,20-40 and 40-60, time intervals from 0-20, 0-40 and 0-60 are taken into consideration. This 

repeats for detection of each ‘FinalFaultSeverity’ as shown in the figure 4.16. This second 

method is again repeated considering a time interval of 60 seconds instead of 20. 
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F

igure 4.16 Final decision regarding fault severity made at the end of 20 second data interval, 40 

second data interval and 60 second data interval during each iteration 
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5. RESULTS AND CONCLUSION 

5.1 Results 

Data samples were collected for a time frame of 0 to 600 seconds where the leakage was 

manually introduced. The algorithm developed was tested on these data samples and the results 

obtained are discussed in this chapter. 

The system designed here is capable of detecting an average leakage of 0.2 lit/min or more. 

This is because as the leakage decreases the changes in the feature patterns in the wavelet 

transform that enable the algorithm to detect the leakage decrease too. 

This capability is mainly determined from 16 samples of available data The step-by-step 

application of algorithm to one of the data sample (Sample no. 12) is explained first. The variety 

of results obtained (good, acceptable or not acceptable) are demonstrated using three data samples 

(Sample no. 1, Sample no. 4 and Sample no. 10). The chapter concludes with the summary of 

results obtained for all data samples. 

Figure 5.1 shows the average leakage of about 0.22 lit/min introduced manually at 300th 

second during the 600 second data interval. The x axis represents the time in seconds and the y 

axis represents the leakage that was introduced in lit/min. 

Figure 5.2 shows the second level wavelet transform of the pressure signal measured at one 

end of the hydraulic chamber. As noticed, the number of spikes and their length is greater in the 

time period of 0-300 sec (where there was no leakage present). On the other hand the number of 

spikes and their length have decreased in the latter half time period of 300-600 seconds (where 

the leakage was introduced). This knowledge is the basis of all the algorithms developed for the 

leakage detection. 
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Figure 5.1 Plot of actual leakage introduced at 300th second versus time 

 

Figure 5.2 Second level wavelet transform of the pressure signal taken at one end of the 

chamber  
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Following flowcharts represent the algorithm i.e. the methodology explained in the previous 

chapter. Figures 5.4 and 5.7 represent the algorithm for Method I and Method II respectively. 

Figure 5.3 is the subroutine which is an equivalent representation of the Level I mentioned in 

chapter 4 which is the same for both the methods. 

In figure 5.3, is a subroutine called ‘Inner Loop’(Equivalent of Level I in the previous 

chapter). In this flowchart. As a first step, the universal space for magnitude of the spike is 

defined A spike of magnitude 300 or more is considered as 300 for analysis. In the next step, a 

‘small’ spike is discarded. A grade of membership to the fuzzy sets ‘medium’ and ‘large’ is 

calculated for each spike which is added over a time interval decided by outer loop.  

 

Figure 5.3  Subroutine ‘Inner Loop’ used by the main algorithm 
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Figure 5.4 represents the algorithm for Method I. As seen from the flowchart, the input to the 

algorithm is the second level wavelet transform (n, tn, d2n). The Fault Severities are calculated at 

the end of each iteration. The data interval can be chosen to be y=20 or y=60 seconds. 

 

Figure 5.4 Method I Algorithm Flowchart for 20/60 second data interval 

The result of application of the algorithm described in the flowchart above on data sample no. 

12 can be seen in the following figures. Figure 5.5 shows the result after applying Method I on 

data sample no. 12 which uses number of spikes in 20 second data interval as input. The 1st plot 
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represents the output i.e. the leakage decision (in percentage) after level 2 described in the 

previous chapter. The 2nd plot represents the final output i.e. final leakage decision (in percentage) 

after level 3 again described in the previous chapter. The 3rd plot is conversion of the final 

decision into a 3 level digital decision. (A value that falls in between 0 to 0.33 in the 2nd plot is 

represented by 0, similarly a value in between 0.33 to 0.66 is represented by 0.5 and a value in 

between 0.66 to 1 is represented by 1). 

Recall that in case of Method I at level 2, the decision regarding leakage/fault is made using 

‘Number of medium spikes’ and ‘Number of large spikes’ as inputs for fuzzy logic system for 

each 20 second data interval. Similarly, the fault decisions made by three consecutive 20 second 

data intervals act as inputs to make a final decision regarding fault. The sudden drop in output at 

500th second (in 1st and 2nd graph) is due to presence of a ‘non-leakage’ pattern in leakage area in 

that particular time interval. 

 

Figure 5.5 Result of applying Method I using 20 second time interval on data sample no. 12 
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When this result is compared to the original leakage which is Figure 5.1 it can be concluded 

that this algorithm successfully detects the leakage in the hydraulic cylinder.  

 The Figure 5.6 again shows Method I applied on the same data sample but using a 60 second 

data interval. Here too the 1st plot represents the output i.e. the leakage decision after level 2 

described in the previous chapter. The 2nd plot represents the output i.e. leakage decision after 

level 3 again described in the previous chapter. The 3rd plot is conversion of the final decision 

into a 3 level digital decision. Recall that in this case the algorithm for Method I remains the same 

only the data interval changes from 20 seconds to 60 seconds. 

 

Figure 5.6 Result of applying Method I using 60 second data interval on data sample no. 12 

The flowchart for Method II algorithm (Figure 5.7) is quite same as Method I with a few 

exceptions such as ‘Ratio of Spikes’ have been used for analysis instead of ‘Number of Spikes’. 

Here again the input to the algorithm is the second level wavelet transform (n, tn, d2n). The 

‘Number of spikes’ are calculated at the end of each iteration by the subroutine ‘Inner Loop’. 
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These are then converted to ratio in the main algorithm. Here too the data interval can be chosen 

to be y=20 or y=60 seconds. 

 

Figure 5.7  Method II  Algorithm Flowchart for 20/60 second data interval 
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Figure 5.8 shows the result after applying Method II on the same data sample (data sample 

no. 12) which uses “ratio of spikes” in 20 second data interval as input.  

In case of Method II, the plot for leakage decision after level 2 does not give a smooth curve, 

but various zigzag lines. This can be explained with an example. Let us consider the decision 

regarding leakage made at 40th second. During 1st iteration in Method II, the ratio of spikes in 

interval 0-20 sec, 0-40 sec and 0-60 sec is considered to make a final decision. Now, during 2nd  

iteration, the ratio of spikes in the interval from  20-40 sec and 20-60 sec and 20-80 sec is 

considered. As the data intervals differ (0-40 in 1st iteration and 20-40 in 2nd iteration) so, does the 

ratio of spikes and ultimately the decision made at  40th second during both the iterations. This 

leads to the zigzag output rather than a smooth curve after level 2 (shown in plot 1 in figure 5.8). 

Note that in case of Method I, the 1st iteration would consider a data interval from 0-20 sec, 

20-40 sec and 40-60 sec and 2nd iteration would consider a data interval from 20-40 sec, 40-60 

sec and 60-80 sec. That means during both the iterations, the decision made at 40th second is by 

looking at 20-40 data interval. As the interval is same, the number of  spikes is also the same and 

so is the leakage decision. Hence, a smooth curve is obtained for Method I as opposed to Method 

II. 

The level 3 decision is made using the fault decisions made by three data intervals as inputs 

to make a final decision regarding fault (shown in plot 2 in figure 5.8). The final decision in plot2 

is converted into a 3 level digital decision (shown in plot 3 in figure 5.8). 
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Figure 5.8 Result of applying method II using 20 second data interval on data sample no. 12 

  

 Figure 5.9 again shows. Method II applied for the same data sample (data sample no. 12) 

but for a 60 second data interval. Here too the 1st plot and the 2nd plot represents the output i.e. the 

leakage decision after level 2 and level 3 respectively described in the previous chapter. The 3rd  

plot is conversion of the final decision into a 3 level digital decision. 
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Figure 5.9 Result of applying method II using 60 second data interval on data sample no. 12 

  

 In the following data sample (sample no. 1, Table IV) it can be noticed that leakage 

introduced is very low. It starts from 0.2lit/min (about 0.1 lit/min on average) and continues to 

increase linearly till it reaches around 0.5lit/min (around 0.22 lit/min on average) at 600th second. 

Note that there is not a significant change seen in the number of spikes and their magnitude in the 

second level wavelet transform as there is gradual increase in the leakage. The results after 

applying both the methods for 20 seconds and 60 seconds time interval respectively can also be 

seen. 
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Table IV Results Data Sample I 

  Original Leakage 

 

   2nd Level Wavelet Transform 
 

 

  Method I: 20 seconds 

 
 

  Method I: 60 seconds 

 

  Method II: 20 seconds 

 

  Method II: 60 seconds 

 
 

From the above table it can be concluded that Method I is not capable of detecting leakages 

that are very low (typically less than 0.2 lit/min on average) whereas Method II is able to 
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successfully detect the leakage.  This is because Method I uses ‘Number of spikes’ as input for 

decision in contrast to ‘Ratio of spikes’ which is used in Method II. By considering ratios the 

approach becomes more normalized and hence more robust. Also, instead of looking at three 20 

second data intervals (Method I), if looked at 20, 40 and 60 second data intervals (Method II). 

That means more data is taken into consideration which leads to a better result. 

 In the following data sample (sample no. 10, Table V) it can be seen that the leakage 

introduced is around 1lit/min (0.5 lit/min on average) starting from 300th second. The second 

level wavelet transform shows a significant change in the number of spikes and their magnitude 

after leakage was introduced i.e. approximately after 300th second. The results after applying both 

the methods for 20 seconds and 60 seconds time interval respectively can also be seen  

It can be concluded from table V that both the methods are able to successfully detect an 

average leakage of 0.5 lit/min (which is well above 0.2 lit/min). It is also noticed, that the leakage 

detected using 20 second data interval is earlier compared to 60 second data interval. This is 

because a leakage decision is obtained every 20 seconds using 20 second data interval and every 

60 seconds using 60 second data interval. The earlier the leakage is detected the better which 

means that leakage detection using 20 second data interval gives better results.  

 In the data sample (Sample no. 4, Table VI) it can be seen that the leakage introduced 

was around 1lit/min (about 0.5 lit/min on average) starting from 70th second and it increases 

linearly to reach 1.8 lit/min(about 0.9 lit/min average) at 600th second. The second level wavelet 

transform shows a significant change in the number of spikes and their magnitude after leakage 

was introduced i.e. approximately after 70th second. The results after applying both the methods 

for 20 seconds and 60 seconds time interval respectively can also be seen. 

It can be concluded from table VI that both the methods are able to successfully detect the 

leakage which is considerably high. It is also noticed, that using 20 second data interval the 

leakage is detected earlier compared to 60 second data interval. 
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Table V Results Data Sample 10 

Data Sample 10 
Original Leakage 

 

2nd Level Wavelet Transform 
 

 
Method I: 20 seconds 

 
 

Method I: 60 seconds 

 

Method II: 20 seconds 

 

Method II: 60 seconds 
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Table VI Results Data Sample No. 4 

Data Sample 4 
Original Leakage 

 

2nd Level Wavelet Transform 
 

 

Method I: 20 seconds 

 

Method I: 60 seconds 

 

Method II: 20 seconds 

 

Method II: 60 seconds 

 

 

 Total 16 data samples were taken into consideration and the following table shows that  
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Table VII Summary of Results 

Sample Method I (20 sec) Method I (60 sec) Method II (20 sec) Method II (60 sec) 

1 Not Acceptable(0) Not Acceptable(0) Good(1) Good(1) 

2 Not Acceptable(0) Not Acceptable(0) Good(1) Good(1) 

3 Not Acceptable(0) Not Acceptable(0) Good(1) Good(1) 

4 Good(1) Good(1) Good(1) Good(1) 

5 Not Acceptable(0) Not Acceptable(0) Acceptable(0.7) Acceptable(0.7) 

6 Good(1) Acceptable(0.7) Good(1) Acceptable(0.7) 

7 Acceptable(0.7) Good(1) Acceptable(0.7) Good(1) 

8 Acceptable(0.7) Good(1) Acceptable(0.7) Acceptable(0.7) 

9 Not Acceptable(0) Good(1) Acceptable(0.7) Good(1) 

10 Good(1) Good(1) Good(1) Good(1) 

11 Acceptable(0.7) Good(1) Acceptable(0.7) Acceptable(0.7) 

12 Good(1) Good(1) Good(1) Good(1) 

13 Good(1) Good(1) Good(1) Good(1) 

14 Good(1) Good(1) Good(1) Good(1) 

15 Good(1) Good(1) Acceptable(0.7) Acceptable(0.7) 

16 Acceptable(0.7) Good(1) Acceptable(0.7) Good(1) 

Ratings 9.8 11.7 13.9 14.5 

Percentage 61.25% 73.125% 86.88% 90.63% 

 

 All four methods are compared using the rating technique. Considering a rating of 0 for a 

‘Not Acceptable’ results, 0.7 for ‘Acceptable’ results and 1 for all ‘Good’ results, the total of 

ratings for all four methods is calculated in the table above. It is found that Method II which takes 

into account data interval of 60 seconds has the highest ranking with 14.5 (or a success 

percentage of a little over 90%). Next to that the 2nd highest ranking of 13.9 (or a success 

percentage of 87% which is quite good) goes again to Method II which is the ratio method for 20 

second data interval. Method I with 60 seconds has the rating of 11.7 (or a success percentage of 

73% which is quite low) and Method I with 20 seconds has the lowest rating of 9.8 (or a lowest 

success percentage of 61%).  
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5.2 Conclusion 

From the above results it can be concluded that using method II (ratio approach) and taking 

60 second data interval as input renders highest success. The reason for this is mainly because by 

taking ratio, the data is more normalized. Also, a 60 second data interval yields more data for 

analysis. With more data for analysis the accuracy of diagnosis always increases. With a highest 

rate of success of 90% this approach is the most desirable. 

Method II with 20 second data interval also renders satisfactory success rate of 87% as 

contrast to method I. The choice between method I and method II depends on whether accuracy is 

more important for the application or time. The method which uses 60 second data as time 

interval renders a decision after every 60 seconds. On the other hand, the method using 20 second 

data as time interval renders a decision after every 20 seconds and hence faster. At the same time 

there is a tradeoff that the accuracy of results might be lesser as compared to 60 second data time 

interval.  

Method I which uses Number of Spikes as input leaves us with very low success rate. Hence, 

the use of this method is not recommended at all unless there is a particular reason to do so. Here 

too the same limitations and advantages apply for choosing different time intervals. 

The major results contributed by this study is listed below 

1) Addition of knowledge based methodology which is fuzzy logic fault detector to already 

developed model based approach.  

2) Development of algorithm which detects internal leakage based on changes observed in 

the second level wavelet transform. 

3) Applying same algorithm in four ways which differ a little from each other. 

4) Testing of all four methods on 16 sets of data 

5) Making inferences as regards to which method is the best 

6) Finally demonstration of novel application of fuzzy logic as a decision making tool in the 

area of fault detection. 

Overall, fuzzy logic is a good tool for solving problems similar to one described here. It 

renders good results for vague data and knowledge base available. Whenever the domain area of 

problem is specific (not to broad), with some amount of trial and error fuzzy logic is capable of 
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acceptable fault diagnosis. With simplified & reduced development cycle and ease of 

implementation, fuzzy logic is an efficient way to solve real world problems. 

The concept of the excluded middle, where every logical preposition has to either be 

completely true or false, does not seem to fulfill expectations of today’s technical and logic 

dependent world. Although behavior of many applications in today’s world still relies on the 

True/False conditions a need is always felt to adjust classical logic to accept the concept of 

something being neither completely true nor false but a value in-between 

Generally the fuzzy logic is recommended for the implementation of a process, where a 

simple mathematical model cannot be obtained. It is not recommended to employ fuzzy logic into 

systems where a simple and adequate mathematical model already exists or where the 

conventional control theory yields a satisfying result. Fuzzy logic seems to be a general case for 

the classical logic and as such it does not present any better solutions for problems that might be 

easily solved using the "crisp" sets.  

5.3 Future Work: 

The first part of this research is limited to ‘detecting’ faults. If further knowledge and data 

becomes available this study could be further extended to ‘isolation’ of fault. The fault could be 

isolated based on the ‘component’ of hydraulic system which is causing fault or the ‘reason’ 

behind fault (which might be change in one/many of the system parameter/s like bulk modulus or 

viscosity). 

The algorithm developed in the second part of this research is tested on 16 datasets. This 

algorithm could be vigorously tested on many more datasets to verify the result. It may also be 

tested on different hydraulic systems as a future study. 

Along with Fuzzy Logic other soft computing technologies like Artificial Neural Network 

and Genetic Algorithms can be incorporated separately or in combination with existing 

methodology to achieve further optimization. 
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