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ABSTRACT 

This thesis deals with condition monitoring of hydraulic components and systems. In the thesis the 

state of the hydraulic components and system are studied using data analysis methods to analyze 

measurement data. The main goal is to apply data analysis methods to measured raw data so that 

different fault situations, and their locations and levels, can be detected and identified. Data analysis 

methods are used in feature extraction of measurement data and classification of the system state 

using these extracted features. In feature extraction three different methods, descriptive statistics, 

principal component analysis (PCA) and wavelet analysis, are applied to extract relevant and 

discriminating information from the measurement data and to reduce the data dimensionality. The 

extracted features which describe the condition of a single component or even the whole hydraulic 

system in a specified situation are classified using Self-Organizing Maps (SOMs). In summary, the 

thesis brings an understanding of which variables should be monitored and how those measured 

variables should be processed so that the state of the hydraulic system or components can be 

ascertained. 

 

The applicability of SOMs for analysis of operation of hydraulic components and systems is 

discussed and first proved with three different test systems, and finally with a work machine, which 

is a forklift (reach stacker) in this study. Different feature extraction methods are also compared, as 

well as different measurement variables. The study is based mainly on measurements from these 

systems and two different hydraulic components: the cylinder and valve. Both oil and water 

hydraulic components are studied. 

 

A simulation model of the lifting movement of the forklift was developed to test the sensitivity of 

the data analysis methods used in this research. By means of this model the effects of changes in the 

loading and operating conditions on the performance of the data analysis methods are studied. 
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The results of the study show that the state of the hydraulic system and its components can be 

effectively followed using the studied data analysis methods. Using descriptive statistics or wavelet 

coefficients of pressure transients as features in the classification made by the SOM it is possible to 

detect and identify several fault situations and their levels during normal operation of the system. 
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NOMENCLATURE 

 

LATIN ALPHABET 

 

ܽ  Wavelet scaling parameter      [-] 

ܽ଴  Wavelet scaling step       [-] 

௝ܽ  Signal before decomposition in wavelet analysis   [-] 

௝ܽାଵ, ௝ܽାଶ Wavelet approximation coefficients     [-] 

A  A port in hydraulic system      [-] 

ܾ  Viscous friction coefficient      [-] 

ܾ௜, ௝ܾ   PCA constants        [-] 

B  B port in hydraulic system      [-] 

ܿ  Best-matching unit (BMU)      [-] 

݀  Dimension of vector       [-] 

௝݀ାଵ, ௝݀ାଶ Wavelet detail coefficients      [-] 

݀௦   Diameter of the spool       [m] 

D1, … , D3 Delays         [-] 

ௗܧ   Map distortion measure      [-] 

ெܧ   Cost function        [-] 

௤ܧ   Quantization error       [-] 

௠݂௔௫  Bandwidth        [rad/s] 

݂ሺݐሻ  Continuous time signal      [-] 

 Force         [N]  ܨ

 ௖  Coulomb force       [N]ܨ

 ௦  Static force        [N]ܨ

F1, F2  Faults         [-] 

ҧ݃  High-pass filter in wavelet analysis     [-] 

݄  Radial clearance       [m] 

ത݄  Low-pass filter in wavelet analysis     [-] 

݄௖௜  Neighborhood kernel around winner unit    [-] 

 Current        [A]  ܫ

  [-]        Kurtosis  ܭ
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 [-]        ௟௘௔௞  Flow gainܭ

݈  Length of clearance       [m] 

L1, … , L5 Fault levels        [-]  

 [-]        Weight vector  ܕ

 [-]     ௖  Weight vector chosen as BMUܕ

 [-]       Dimension of vectors  ܯ

݉  Number of map units       [-] 

ܰ  Number of vectors       [-] 

N  Normal state         [-] 

௜ܰ  Neighborhood set       [-] 

݊  Number of sample vectors      [-] 

 Pressure         [Pa]  ݌

 ௦  Supply pressure        [Pa]݌

 ௧  Tank pressure         [Pa]݌

P  Pressure port in hydraulic system     [-] 

ܳ  Flow rate         [l/min] 

ܳ஺  Flow rate in A line       [l/min] 

ܳ஻   Flow rate in B line       [l/min] 

ܳ௜   Internal leakage of cylinder       [l/min] 

ܳ௅   Leakage between the spool and the spool housing   [l/min] 

்ܳ   Tank flow        [l/min] 

ܳଵ  Flow rate to cylinder       [l/min] 

ܳଶ  Flow rate from cylinder      [l/min] 

,௖ܚ ௜ܚ   Position of neurons c and i in the output space   [-] 

 [-]       Standard deviation  ݏ

 [-]         ଶ  Varianceݏ

ܵ  Skewness        [-] 

S1, … , S4 Seals of the studied proportional valve    [-] 

 [-]        Discrete time  ݐ

 ௖  Correlation time       [s]ݐ

ܶ  Temperature        [˚C] 

T  T port in hydraulic system       [-]  

௧ܶ  Training length       [-] 
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 [-]     Control signal in simulation model  ݑ

,௜ܝ   [-]        ௝  Basis vectorsܝ

,ଵܝ   [-]        ଶ  Eigenvectorsܝ

ܷ  Voltage        [V] 

 Velocity        [m/s]  ݒ

 ௦  Velocity of minimum friction      [m/s]ݒ

ܹ݂ሺݖ, ܽሻ Continuous wavelet transform     [-] 

 Position        [m]  ݔ

 [-]       ҧ   Mean of vector xݔ

 [-]        Data/input vector  ܠ

 [-]        ത  Mean vectorܠ

 [-]      ௡ܠ ෤௡  Approximation of vectorܠ

௡ܠ   Vector in d-dimensional space ሺݔଵ
௡, … , ௗݔ

௡ሻT.    [-] 

 [-]      ோெௌ   Root mean square valueݔ

௦ܠ   Variance normalized feature vector     [-] 

௟ܠ   Logistic normalized feature vector     [-] 

ଵݖ௡   Vector in M-dimensional space ሺܢ
௡, … , ெݖ

௡ ሻT    [-] 

 [-]      Wavelet shifting parameter  ݖ

 [-]       ଴  Wavelet shifting stepݖ

௜ݖ
௡, ௝ݖ

௡
    PCA coefficients       [-] 

  

GREEK ALPHABET 

 

 [-]        Learning rate  ߙ

 [-]       ଴   Initial learning rateߙ

,௝௜ߜ ௜௝ߜ   Kronecker delta symbol      [-]   

 Dynamic viscosity       [Pa·s]   ߟ

 [-]        ௜  Eigenvalueߣ

 [-]       Neighbourhood radius   ߪ

߰  Wavelet function       [-] 

 [-]    ሻݐሻ   Complex conjugate of the function ߰ሺݐሺכ߰

߰௭,௔ሺݐሻ  Family of time-frequency atoms     [-] 

߰௝,௞ሺݐሻ  Discrete family of time-frequency atoms    [-] 
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઱   Covariance matrix       [-] 

Δ݌  Pressure difference       [Pa] 

 

ABBREVIATIONS 

 

AE  Acoustic emission 

ADC  Analog-to-digital converter  

BMU  Best-matching unit 

CAN  Controller area network 

DWT  Discrete wavelet transform 

FFT  Fast Fourier transform 

FS  Full scale 

I/O  Input/output 

LPC  Linear predictive coding 

LVDT  Linear variable differential transformer 

MLP  Multilayer perceptron 

ND  Not defined 

NDF  Not defined fault 

NDFL  Not defined fault level 

PCA  Principal component analysis 

PI  Proportional-integral 

RMS  Root mean square 

RPM  Revolutions per minute  

SOM  Self-Organizing Map 

STFT  Short-time Fourier transform 

SVM  Support vector machine 

U-matrix Unified distance matrix 

VQ  Vector quantization 
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1 INTRODUCTION 

Maintenance is often realized as an inevitable expense that is caused by fixing failure situations. 

However, today there appears to be more and more interest in controlling these situations before 

they change from fault into failure: for example, in industrial systems and also in mobile systems, 

because safety, reliability, availability and cost factors are highly appreciated factors in every 

system [Alanen 2006; Rao 1996]. By recognizing emerging fault situations from the system it is 

possible to reduce the amount of failures and therefore reduce the downtime of the machines. This 

requires sophisticated on-line condition monitoring of the components and the fluid. This type of 

condition monitoring is often called proactive or intelligent and it is based on data analysis made 

from the measurement data from the system, allowing the forecast of needed maintenance and the 

maximization of component life time. It can also allow the limitation of functions or power to avoid 

further damage in the system or the tuning of control parameters when changes in the component or 

system properties are identified. The need for this kind of condition monitoring is also growing 

because the level of automation in the systems is increasing and the systems are becoming more 

self-controlling. 

1.1 Background of the research 

In hydraulic systems there are two main challenges concerning condition monitoring. The systems 

are very non-linear and the behavior of these systems is often highly dynamic [Crowther 1998]. 

Moreover, the amount of measurement data from these systems can be quite large and the 

relationships of the measurement variables can become complex. A problem can also be that very 

little measurement data are available when the significance of the analysis is emphasized. Because 

of this, numerous data analysis methods have been developed to analyze the behavior of the systems 

in different science areas, ranging from medicine to mechanical engineering. These can be grouped, 

for example, as follows [Crowther 1998]: 

1. Expert systems 

2. Qualitative reasoning 

3. Model based diagnosis from an artificial intelligence perspective 

4. Model based diagnosis from control engineering perspective 

5. Neural networks 
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Neural networks is one method which is suitable for classifying the different system states of 

hydraulic systems [Mundry 2002; Ramdén 1998; Sorsa 1995]. Neural network research has been 

very active for several years and there has also been interest in neural network applications for fault 

diagnosis problems, for example in [Alhoniemi 1999; Bailey 2002; Crowther 1998; Kuravsky 2001; 

Le 1997; Le 1998; Ramdén 1998]. 

 

Usually when neural networks are used for fault detection, supervised training is used. Supervised 

training means that desired outputs are used in training. If all the damages are not known before 

diagnostics, an ordinary neural network with supervised learning for their detection cannot be used 

[Kuravsky 2001]. Usually this is the real case, and therefore in this study a neural network method, 

the Self-Organizing Map (SOM), is used with unsupervised learning. In unsupervised learning, the 

network is not trained towards specified outputs. SOM is a neural network method developed by 

Teuvo Kohonen [Kohonen 1999; Kohonen 2001].  

1.2 Objectives of the thesis 

The goal of this research is to develop methods for the condition monitoring of hydraulic systems, 

to detect and identify faults, their location and levels in hydraulic components and systems using 

data analysis methods, and to improve the functionality of condition monitoring systems with the 

help of these methods. Special attention is paid to the problem situations which are related to the 

application of these methods to real applications. For example, changing of the operating conditions 

is studied. Information on the analysis is intended to use after this study also for controlling the state 

of the system. Controlling the state of the system means here an alarm to the user, tuning of the 

control parameters, shutting down of the system or even continuing using the system at a lower 

utilization rate. The goal of using this kind of system is to eliminate unexpected maintenance and 

repair work. The maintenance and repair work could be performed before any major damage 

happens in the system and the system continued to be used at a lower utilization rate. Scheduling 

the system maintenance at economically optimal time points is also possible. Condition monitoring 

studies show that repair work performed after the system has broken down takes three to four times 

more time than maintenance or repair work carried out beforehand [Rao 1996]. 
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The objectives of this thesis are as follows: 

 To study oil and water hydraulic components and fault situations that appear in these 

components so that a better understanding is obtained about analyzing different states of 

hydraulic components. 

 To study how well different measurement variables act as an indicator of a system´s state of 

health. 

 To study the applicability of feature extraction methods to find out information rich features 

from the measurement data, on which grounds it is possible to classify the state of the 

hydraulic system as being normal or showing different kinds of fault situations and their 

levels.   

 To study the applicability of SOMs to the condition monitoring of hydraulic systems. 

 To create methods for the condition monitoring of hydraulic systems. 

1.3 Research methods and restrictions 

In this study typical fault situations in the hydraulic cylinder and valve, and the performance of data 

analysis methods are tested: first with three test systems in the laboratory, and finally with a work 

machine, which is a forklift in this study. The data analysis focused on in this thesis can be divided 

into two different phases. First, features are extracted from the measurement data, which are then 

used in the second phase, where classification of the system state is made using these extracted 

features. The classification method is the SOM. The thesis concentrates on classification using the 

SOM and its use with hydraulic systems. Other classification methods are also discussed and 

compared in the thesis. It is important to preprocess any raw and/or dynamic data before classifying 

them to improve the performance of the classifier. Despite this fact, the classification method which 

is used in this study can perform non-linear functional mapping between sets of variables, so it can 

be used to classify raw input data directly [Vesanto 2002].  

 

In the first test system pressure signals and control signal are used in analysis. The possibilities of 

preprocessing the measured raw data using PCA are tested and discussed, but only filtering is used 

here. PCA is used to study the effect of reducing the number of variables on the result of the data 

analysis and also to visualize the relations between variables. In the second test system only 

pressure signals are used in analysis. Wavelet analysis is used in feature extraction to study the 

effect of reducing the number of data points used in training on the overall result of the data 

analysis. In the third test system the sensitivity of pressure and vibration signals is studied and the 
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signals are compared in terms of how well they act as an indicator of system´s state of health. 

Descriptive statistics and wavelet analysis are studied to ascertain which feature extraction method 

gives a better final result for the analysis. In all three test systems, the classification method is the 

SOM. In this study the SOM Toolbox [Anon 2006b], implementation of the SOM and its 

visualization in the Matlab computing environment are used to create and use the neural network. 

Mathworks’ commercial Matlab Toolboxes are used in wavelet analysis, PCA and part of the 

statistical values in descriptive statistics, where some are self-implemented. 

 

A simulation model of the lifting movement of the forklift was made to test the sensitivity of the 

data analysis methods used in this research. Matlab Simulink was used for the simulation. Although 

a simulation model based on physics equations is utilized here, model based condition monitoring is 

not dealt with in this thesis. The thesis concentrates strongly on neural networks and on 

preprocessing techniques.    

1.4 Earlier research on condition monitoring of hydraulic systems 

In hydraulic systems there are many possible components that can deteriorate and cause the 

malfunctioning of the hydraulic system. Failure mechanisms and different condition monitoring 

techniques to detect emerging fault situations of hydraulic components have been widely studied, 

and lots of various condition monitoring methods have been developed. In this section earlier 

research activities on condition monitoring of hydraulic systems are reviewed and discussed with 

relation to this thesis. Furthermore, a few more general data analysis studies which significantly 

support the condition monitoring of hydraulic systems are reviewed. 

 

Since both oil and water hydraulic systems are studied in this thesis, condition monitoring 

techniques and the methods utilized with both systems are covered here. However, it is worth 

mentioning that the level of utilization of condition monitoring with water hydraulic systems is still 

quite a lot smaller than with oil hydraulic systems, but in recent years a lot of effort has put into 

studying the condition monitoring of water hydraulic systems.  

 

Laitinen et al. [Laitinen 2004; Laitinen 2005] have studied the effects of wear on proportional 

valves. The studied valve is an oil hydraulic 4/3-way, closed center and single-stage proportional 

valve with LVDT feedback signal. An original new and an aged valve were compared. To study the 

static characteristics, the pressure and flow gains were measured. Step and frequency responses 
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were measured to study the dynamic responses. Also internal leakage from the supply port to the 

tank line was measured. It was stated that based on the measurement results some standard 

measurement methods could be the basis for developing a condition monitoring system for the 

proportional valve though no further data analysis is performed here. 

 

Liangchai et al. [Liangchai 2003] analyzed the relationship between the static characteristic curves 

of the oil hydraulic servo valve and its faults. Three different faults: blocked orifice, blockage of 

three-fourths of the pilot filter, and damaged seal of the pilot filter steadier are presented and 

multilayer perceptron (MLP) type of neural network is used in the data analysis. The measurement 

results from normal and fault situations are not shown, but the classification results from each fault 

situation are presented. The study reports a classification percentage of over 97 % in each case. In 

this study class information of the fault situations is used in training of the classifier.     

 

Several studies have addressed leakages in oil hydraulic cylinders [Crowther 1998; Hiirsalmi 2005; 

Le 1997; Le 1998; Vidqvist 2006] and water hydraulic cylinders [Chen 2007; Wue 2004; Yunbo 

2001].  

 

Crowther et al. [Crowther 1998] studied the use of neural network for detection of increased drive 

actuator cross-line leakage. Also two other faults are studied, namely incorrect supply pressure and 

increased load dynamic friction. For each type of fault, the training data used covered five discrete 

fault magnitudes. Results are presented for networks trained in both simulation and experimental 

data. Network training showed similar trends for both simulation and experimental data, but higher 

final errors were exhibited in the experimental case. The presented three-fault network was able to 

classify all three faults correctly. 

 

Hiirsalmi [Hiirsalmi 2005] and Vidqvist et al. [Vidqvist 2006] studied the problem of building 

diagnostic models to detect the operational condition of the machine based on a set of time series 

measurements on key aspects of the machine operation. MLP type neural network with supervised 

learning is applied to detect cylinder leakages using control signals of the control valve. The used 

data was generated with a simulation model. Before classification statistical parameters were 

extracted for each fault situation. Vidqvist [Vidqvist 2006] proposed that only a control signal can 

be used as an indicator of the system state in this type of system, where the hydraulic cylinder is 

position feedback valve-controlled. The results emphasize that careful selection of suitable feature 

extractors helps to create better performing classification models. 
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In Le et al. [Le 1997; Le 1998] MLP type neural networks with supervised learning are used to 

detect leakages in an electro hydraulic cylinder drive in the extending and retracting strokes. In Le 

et al. [Le 1997] it was found that MLPs perform well for line leakages, but for across-cylinder seal 

leakages they could only detect leakage over 1.0 l/min. Line leakages as small as 0.2 l/min could be 

detected. Both single and multiple simultaneous types of leakages have been studied. Steady state 

flow and pressure signals are used in network training. Le et al. [Le 1998] also reported feature 

extraction techniques, linear predictive coding (LPC) and LPC cepstrum, which are used to extract 

features for use in classification with neural network when only pressure transient responses are 

employed as information.  

 

Chen et al. [Chen 2007] analyzed the characteristics of acoustic emission (AE) signals generated by 

internal leakage in a water hydraulic cylinder (see Figure 1). Several AE parameters were extracted 

from the AE signals and their effectiveness for predicting the internal leakage were studied. It was 

concluded that AE signals are sensitive to small internal leakage in a water hydraulic cylinder and 

AE-based methods are able to predict internal leakage that is smaller than 1.0 l/min.  

 

Figure 1: Internal leakage in water hydraulic cylinder [Chen 2007]. 

In [Wue 2004] vibration and AE signals were used to detect a seal crack in a water hydraulic 

cylinder. Both measurement methods were able to detect the faults. However, it was stated that AE 

method proves to be better because it can differentiate between the different types of faults. Using 

wavelet analysis in feature extraction and neural network in decision-making has been discussed. 

 

Yunbo et al. [Yunbo 2001] and Tan et al. [Tan 2003] studied the condition of a water hydraulic 

cylinder and an axial piston motor. The water hydraulic actuators were studied in faulty and healthy 

states under different operating conditions of loads and velocities. The investigation included 

piston/rod seal wear of the cylinder and capstan/slipper shoes wear of the axial piston motor. 

Vibration energies, flow response and linear actuating stroke duration were measured and variations 

of these were observed in healthy and faulty states.    
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Ramdén [Ramdén 1999] studied condition monitoring and fault diagnosis of fluid power systems. 

The focus was on studying oil hydraulic pumps using vibration measurements. Also directional and 

pressure regulator valves were studied. Neural networks and parameter identification techniques 

were of great importance in this study. The results were shown from test systems with good results. 

 

Chen et al. [Chen 2005; Chen 2006a; Chen 2006b; Chen 2008] have extensively studied fault 

detection in water hydraulic motors. A piston crack and degradation of a piston in a water hydraulic 

motor were the focus of interest. Wavelet analysis was used for extracting feature values from the 

vibration signal. In [Chen 2006a] support vector machines (SVMs) were also employed first to 

select optimal features and after that to classify the conditions of the pistons used in the hydraulic 

motor. The results showed that the noise of the water hydraulic motor has different feature values 

under different degradations, and wavelet analysis was found to be a powerful tool for the fault 

detection of a water hydraulic motor. 

 

Lurette et al. [Lurette 2003] studied unsupervised and auto-adaptive neural architecture for on-line 

monitoring of hydraulic processes. The study focused on some drifts and faults of the hydraulic 

accumulator and pump. The main advantage of the developed network is the unsupervised learning 

and auto-adaptation abilities of its architecture that allow improvement of the model of the classes 

of trends with particular input vectors. The learning rules are presented in order not only to create 

new prototypes, which define the classes, or new classes but also to adapt the existing prototypes 

and the definition of classes. 

 

Sorsa [Sorsa 1995] and Vesanto [Vesanto 2002] used PCA to visualize and/or reduce the problem 

dimension before training the SOM. Also Kuravsky et al. [Kuravsky 2001] used PCA to reduce the 

number of variables before using SOMs in failure diagnostics for structures that suffered vibration 

when sufficient performance of the classification is still maintained. Kuravsky et al. [Kuravsky 

2001] stated that if the map units of the SOM are labeled and thresholds are determined properly, 

the network may be used as a detector of new events. Vesanto [Vesanto 2002] carried out an in-

depth study on using SOMs in data analysis.  

 

Zachrison [Zachrison 2008] applied SOMs for condition monitoring of fluid power applications. 

Different properties of SOMs that can be used for monitoring applications are presented. Raw 

measurement data are fed directly to the SOM instead of feature extraction before diagnosis. In 

[Zachrison 2006] SOMs are applied for condition monitoring of pneumatic systems. The forbidden 
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area method is used in this study. The idea is to produce a more-fine grained output so that states 

between normal and fault could be represented. The SOM trained to detect leaking valves also 

proved to be capable of detecting a changed mass load. 

 

Alanen et al. [Alanen 2006] investigated the diagnostics of mobile work machinery. A lot of ideas 

and methods which have been adopted by the automotive industry are proposed for use in mobile 

work machinery. Methods for data analysis are discussed and compared to each other. 

1.5 Structure and contributions of the thesis 

This thesis contains seven chapters and three appendices. The contents of the chapters are discussed 

below. 

 

Chapter 1 gives an overview of the contents of the thesis. It contains background and the objectives 

of the research. The research methods used in the study are shortly presented with restrictions. 

There is also an overview of earlier research activities on condition monitoring of hydraulic 

systems. Literature references are selected to reflect the focal points of this thesis. Besides data 

analysis methods, they deal with different fault situations and measuring techniques. 

 

Chapter 2 introduces the data analysis methods used in this study. Three different feature extraction 

methods and one classification method are presented. The methods for feature extraction are 

descriptive statistics, PCA and wavelet analysis, and for determining the state of the system, the 

SOM. Also the importance of post-processing of the output of the classification is discussed. 

 

Chapter 3 presents how SOMs are used in data analysis. The applicability of SOMs for the analysis 

of the operation of hydraulic components and systems is justified and discussed.    

 

Chapter 4 presents three different test systems, where typical fault situations in the hydraulic 

cylinder and valve and the performance of data analysis methods are tested. Analyzed data from 

these systems are presented and the quality of the state recognition is shown with each fault 

situation from each test system.  

  

In Chapter 5 the results from the test systems are transferred into a real work machine. A research 

platform (forklift) is presented, which was finally used to test the performance of the data analysis 
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methods to detect fault situations from measurement data. Special problems concerning the 

condition monitoring of mobile work machinery are addressed. The analyzed data are presented and 

the quality of the state recognition is shown.  

 

Chapter 6 presents sensitivity analysis of the data analysis process. A simulation model of the lifting 

movement of the forklift is used to study the effects of changes in the loading and operating 

conditions on the performance of the data analysis methods. 

 

Chapter 7 concludes the thesis and discusses future research. 

 

In Appendix A measurement and control instruments, used in this study, are listed. 

 

Appendix B contains simplified steps of the applied data analysis methods: PCA, wavelet analysis 

and SOM. Also some examples of using these methods are presented. 

 

In Appendix C the simulation model of the lifting movement of the forklift and verification 

measurements are presented. 

 

The main contributions of this thesis are: 

 Study of typical fault situations in hydraulic components. Both oil and water hydraulic 

components are studied. 

 Study of the sensitivity of the measured variables from hydraulic systems to find out how 

well they act as an indicator of systems health state. 

 Proposals about suitable feature extraction methods to use with measured data from 

hydraulic systems to extract information-rich features for use in classification. 

 Creating methods to apply to SOMs for determining the state of the hydraulic component 

and systems. 

 Proposals on suitable methods to select appropriate data for data analysis during normal 

operation of a work machine. 
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2 DATA ANALYSIS METHODS USED IN THIS STUDY 

In this study, different data analysis methods are studied in feature extraction and system state 

classification for analyzing measurement data from hydraulic systems. Before the classification, 

feature extraction is performed to extract relevant and discriminating information from the 

measurement data and to reduce the data dimensionality. The methods used for feature extraction 

are: descriptive statistics, PCA and wavelet analysis, and for determining the state of the system, the 

SOM. The SOM with unsupervised learning is used in the classification of the measurement data. 

To verify the quality of the results alternative methods in the classification phase have also been 

tested. But only the classification results of the SOM are reported in this study. However, some 

comparison and discussion about the results obtained with MLP and SVM type of networks in 

relation to the SOM have been made. MLP and SVM have been utilized in situations when the 

faults are known and data from these situations can be used in classification. The SOM is used in 

situations where data only from normal situations is available and deviations in measurement 

variables are monitored to detect the early signs of fault situations. All data analysis is performed in 

the Matlab environment. Applications of the SOM and feature extraction methods form the main 

point of this study.  

 

Analysis of hydraulic systems consists of several phases between physical inputs and the final 

decision about the state of the system. This process is shown in Figure 2. A sensor measures a 

physical quantity and converts it into a signal which can be read by an observer or by an instrument. 

A feature extractor extracts features from the measurement data which are then used in 

classification. After this a classifier uses extracted features to assign sensed inputs to a category. 

Finally, a post processor uses the output of the classifier to make a decision about the state of the 

system and it can also decide what actions to take. Usually the procedure from input to decision of 

the state is straightforward but some systems can employ feedback from the higher level, see Figure 

2. In this thesis the focus is on feature extraction and classification parts, including the post 

processed state of the system. Different sensor signals are also studied, as well as using post 

processing to make further measures is also discussed. [Duda 2001] 
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Figure 2: Process of data analysis [Duda 2001].  

2.1 Feature extraction 

The preprocessing of the measurement data usually involves extracting relevant and discriminating 

information, and in so doing, reducing data dimensionality. This process is often called feature 

extraction. Feature extraction is a method of transforming the original signal into another, 

preferably more descriptive one. Variables that are used to discriminate different system states from 

each other are called features [Hiirsalmi 2003].  

 

Sometimes the performance of the classifier can be decreased if high measurement frequency 

and/or a large number of measurement variables are used and therefore it is important to preprocess 

any raw and/or dynamic data before classifying them to improve the performance of the classifier. 

In these kinds of situations, it becomes necessary to decrease the number of variables and/or 

measurement points to a manageable size and retain as much discriminatory information as 

possible. The basic idea is to reduce the dimensionality and optimize the discriminatory 

information. In this thesis three different methods are used to perform this operation. 
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2.1.1 Descriptive statistics 

Descriptive statistics are used to describe the basic features of the data. Descriptive statistics help us 

to simplify large amounts of data in a sensible way. In descriptive statistics, statistical values in the 

time domain are extracted from measurement signals. In this study, the statistical values are as 

follows: arithmetic mean, root mean square, variance, skewness, kurtosis, maximum, minimum and 

sum. Statistical values are calculated from vector ܠ that contain ݅ values. [Anon 2006a; Holcomb 

1998; Jantunen 2005] 

 

Arithmetic mean describes the location of distribution of the variable. It defines the point around 

which the deviation scores sum to zero. The root mean square is the square root of the mean 

squared value of ܠ and it is calculated according to Eq.1.  

ோெௌݔ ൌ ඩ
1
݊

෍ ௜ܠ
ଶ

௡

௜ୀଵ

 

 (1)

Variance describes the dispersion of the variable. Variance is defined in Eq. 2, where ݔҧ is the mean 

of a single vector ܠ. 

ଶݏ ൌ
1

݊ െ 1
෍ሺܠ௜ െ ҧሻଶݔ

௡

௜ୀଵ

 
 (2)

Skewness and kurtosis describe the asymmetry of values of variables. Skewness is a measure of the 

asymmetry of the data around the sample mean. Kurtosis is a measure of how outlier-prone a 

distribution is. Skewness and kurtosis are calculated according to Eq. 3 and Eq. 4, where ݏ is the 

standard deviation of ܠ, which is calculated according Eq. 5. 

ܵ ൌ
1
ଷݏ ෍ሺܠ௜ െ ҧሻଷݔ

௡

௜ୀଵ

 
 (3)

ܭ ൌ
1
ସݏ ෍ሺܠ௜ െ ҧሻସݔ

௡

௜ୀଵ

 
 (4)
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ݏ ൌ ඩ
1

݊ െ 1
෍ሺܠ௜ െ ҧሻଶݔ

௡

௜ୀଵ

 

 (5)

Maximum is the biggest value of a vector, whereas minimum is the smallest value. Sum is the sum 

of vector elements. 

2.1.2 Principal Component Analysis 

When there are data sets with many variables, groups of variables often move together. One reason 

for this is that more than one variable might be measuring the same driving principle governing the 

behavior of the system. In many systems, there are only a few such driving forces. In situations like 

this, when there is redundant information, it is possible to simplify the problem by replacing a group 

of variables with (a single) new variable(s).  

 

The main linear technique for dimension reduction, PCA, performs a linear mapping of the data to a 

lower dimensional space in such a way that the variance of the data loss when mapping onto the 

low-dimensional representation is minimized. PCA generates a new set of variables, called principal 

components, where each principal component is a linear combination of the original variables. PCA 

can be used, for example, for the visualization of the measurements and to reduce the number of 

measurement variables. Most of the detailed derivation of PCA shown here is based on [Bishop 

1995]. 

 

A projection is sought that best represents the data in a least-squares sense. It is assumed that the 

data set of interest contains ܰ data vectors of form ܠ௡, where ݊ א ߇ ൌ ሼ1, … , ܰሽ, which lie in a      

d-dimensional space ሺݔଵ
௡, … , ௗݔ

௡ሻT. In what follows, PCA is presented as a projection that maps each 

vector ܠ௡ onto a vector ܢ௡ in an ܯ-dimensional space ሺݖଵ
௡, … , ெݖ

௡ ሻT, where ܯ < ݀. Vectors ܝ௜ are 

basis vectors for space of dimension ݀, that is, ݀ linearly independent orthonormal vectors             

݅ ൌ 1, … , ݀. Vectors ܝ௜ satisfy the orthonormality relation shown in Eq. 6 where ߜ௝௜ denotes the 

usual Kronecker delta symbol, in other words ߜ௝௜ ൌ 1 if ݆ ൌ ݅ and ߜ௝௜ ൌ 0 otherwise.  

௝ܝ
Tܝ௜ ൌ ௝௜ߜ ൌ ,௜௝ߜ ,݅׊ ݆ ൌ 1, … , ݀  (6)
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Vector ܠ௡ can be represented as a linear combination of basis vectors ܝ௜ as follows  

௡ܠ ൌ ෍ ௜ݖ
௡u௜, ݊׊ א  ߇

ௗ

௜ୀଵ

 
 (7)

By multiplying Eq. 7 from the left by ܝ௝
T 

௝ܝ
Tܠ௡ ൌ ෍ z௜

௡ܝ௝
Tܝ௜

ௗ

௜ୀଵ

, ݊׊ א ,߇ ݆׊ ൌ 1, … , ݀ 
 (8)

Explicit expressions for the coefficients ݖ௜
௡

 of Eq. 7 can be found as follows 

௝ݖ
௡ ൌ ௝ܝ

Tܠ௡  (9)

Now it is supposed that only a subset ܯ < ݀ of the basis vectors ܝ௜ are retained, so that only ܯ 

coefficients ݖ௜
௡

 are used. The remaining coefficients are replaced by constants ܾ௜ and each vector ܠ௡ 

is approximated according to Eq. 10.  

෤௡ܠ ൌ ෍ ௜ݖ
௡ܝ௜ ൅ ෍ ܾ௜ܝ௜

ௗ

௜ୀெାଵ

ெ

௜ୀଵ

 
 (10)

Such basis vectors ܝ௜ and the coefficients ܾ௜  are chosen so that the approximation given in Eq. 10, 

with the values of ݖ௜
௡

 determined in Eq. 9, gives the best approximation to the original vector ܠ௡ on 

average for the whole data set, as will be explained below. Eq. 10 represents a form of 

dimensionality reduction. The error ܠ௡ െ  ෤௡ introduced by the dimensionality reduction is given byܠ

Eq. 11 - 12.  

௡ܠ െ ෤௡ܠ ൌ ෍ ௜ݖ
௡

ௗ

௜ୀଵ

௜ܝ െ ൭෍ ௜ݖ
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ௗ

௜ୀெାଵ

ெ

௜ୀଵ

൱ ൌ ෍ ௜ݖ
௡

ௗ

௜ୀெାଵ

௜ܝ െ ෍ ܾ௜ܝ௜

ௗ

௜ୀெାଵ

 
 (11)

௡ܠ െ ෤௡ܠ ൌ ෍ ሺݖ௜
௡ െ ܾ௜ሻܝ௜

ௗ

௜ୀெାଵ

 
 (12)

 

 

 



27 

 

The best approximation is defined to minimize the sum of the squares of the errors over the whole 

data set according to Eq. 13 - 15, where the orthonormality relation (Eq. 6) is used.  

ெܧ ൌ
1
2

෍ԡܠ௡ െ ෤௡ԡଶܠ

ே

௡ୀଵ

ൌ
1
2
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௡ െ ܾ௜ሻܝ௜

ௗ

௜ୀெାଵ

ะ

ଶே
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By derivating ܧெ the coefficients ௝ܾ are found according to Eq. 16 - 18, which minimize the cost 

function. 

The mean vector ܠത is defined according to Eq. 19. 
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1
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 (19)

 Variables ௝ܾ can now be defined according to Eq. 20 using the mean vector ܠത. 

௝ܾ ൌ ௝ܝ
Tܠത  (20)
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Making 
݀

݀ ௝ܾ
ெܧ ൌ 0 results in 
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Using Eq. 9 and Eq. 18, the cost function ܧெ  can be written according to Eq. 21.  
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Covariance matrix of the set of vectors ܠ௡ is defined according to Eq. 22.  
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 (22)

Now the cost function defined in Eq. 21 can be rewritten according to Eq. 23. 
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After this, ܧெ is minimized with respect to the choice of basis vectors ܝ௜. Minimum of ܧெ occurs 

when the basis vectors satisfy Eq. 24, so that they are the eigenvectors of the covariance matrix. 

Since the covariance matrix is symmetric positive definite, its eigenvectors can be chosen to be 

orthonormal as assumed.  

઱ܝ௜ ൌ ௜  (24)ܝ௜ߣ

Finally, substituting Eq. 24 to Eq. 23 and making use of the orthonormality relation in Eq. 6, we 

obtain the value of the error criterion at the minimum in the form of Eq. 25. ܧெ is then minimized if 

݀ ௜ are minimum eigenvalues. So the minimum error is obtained by choosingߣ െ  smallest ܯ

eigenvalues and corresponding eigenvectors, as the ones to discard.  

ெܧ ൌ
1
2

෍ ௜ߣ

ௗ

௜ୀெାଵ

 
 (25)

Each of the M eigenvectors ܝ௜ ൌ 1, … ,  is called a principal component. The first few eigenvectors ܯ

can often be interpreted in terms of the large-scale physical behavior of the system. The eigenvector 

with the highest eigenvalue has the biggest significance and the smallest has the least. Principal 

components do not contain any redundant information because all the principal components are 

orthogonal to each other. While generating new variables, PCA still preserves most of the 

information. Now new variables can be formed as a linear combination of the old variables. The 
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original space has been reduced to the space spanned by a few eigenvectors. [Anon 2006a; Duda 

2001] 

 

When the variables are in different units, or when the variance of the different columns is 

significant, data should be standardized before using PCA, so that they have zero mean and unity 

variance. This can be done by dividing each column by its standard deviation, which is shown in 

Eq. 5. After this, data are centered by subtracting off the column means. Then covariance matrix is 

calculated from where eigenvectors and eigenvalues can be calculated. Finally, some of the 

eigenvectors are chosen and new variables formed.  

 

Although PCA finds components that are useful for representing data, these components may still 

not be the best ones for discriminating data into different classes [Bishop 1995; Duda 2001]. 

2.1.3 Wavelet analysis 

Fourier analysis is a method for the analysis of frequency information about a signal. Fourier 

analysis breaks down a signal into the constituent sinusoids of different frequencies. But Fourier 

analysis has a serious drawback: when a signal is transformed into the frequency domain, time 

information is lost. It is not possible to tell from a Fourier transform of a signal when a particular 

event took place. In hydraulic systems, measured signals contain numerous non-stationary or 

transitory characteristics such as drift, trends, abrupt changes, and beginnings and ends of events. 

These characteristics are often the most important part of the signal and Fourier analysis is not 

suited for detecting these. Short-time Fourier transform analyzes only a small section of the signal 

at a time. It maps a signal into a two-dimensional function of time and frequency. However, only 

information with limited precision is obtained and precision is determined by the size of the 

window. 

 

Wavelet analysis allows the use of long time intervals where more precise low-frequency 

information is needed, and shorter regions where high-frequency information is desired. So 

wavelets are able to increase the resolution through scaling. In scaling and shifting the signal can be 

examined at different resolutions. This is presented in Figure 3. [Anon 2006a; Hiirsalmi 2003] 
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Figure 3: Comparison of Fourier, short-time Fourier and wavelet analysis [Anon 2006a]. 

Wavelet analysis can often compress or de-noise a signal without appreciable degradation. By using 

wavelet analysis, it is possible to extract information-rich features for use in classification. The 

basic idea of wavelet analysis is to adopt a wavelet prototype function, called an analyzing wavelet 

or mother wavelet. The original measured signal is broken up into shifted (translated) and scaled 

(dilated) versions of the wavelet function ߰. A wavelet is a waveform of effectively limited 

duration that has an average value of zero. Wavelet transforms have an infinite set of possible basis 

functions, unlike the Fourier transform, which only utilizes the sine and cosine functions.  The 

Daubechies family is one example of basis functions. With some wavelets, but not all, there is an 

additional function associated, called the scaling function. In this thesis, Daubechies-4 wavelet is 

utilized, which is the second-order member of the Daubechies family. Figure 4 shows 

approximation of the Daubechies-4 wavelet function. 

 

Figure 4:  Approximation of the Daubechies-4 wavelet and scaling functions.  
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A family of time-frequency atoms can be obtained by scaling the wavelet function ߰ by ܽ and 

shifting it by ݖ according to Eq. 26. [Anon 2006a; Graps 1995; Mallat 1999] 

߰௭,௔ሺݐሻ ൌ
1

√ܽ
߰ ൬

ݐ െ ݖ
ܽ

൰ 
 (26)

As in Fourier transform, the continuous wavelet transform is defined as the sum over all time of the 

signal multiplied by scaled, shifted versions of the wavelet function, shown in Eq. 27, where ߰כሺݐሻ 

means a complex conjugate of the function ߰ሺݐሻ. 

ܹ݂ሺݖ, ܽሻ ൌ න ݂ሺݐሻ
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ିஶ

1

√ܽ
כ߰ ൬

ݐ െ ݖ
ܽ

൰  ݐ݀
 (27)

To perform these transforms at every position and scale is a costly process. According to Nyquist’s 

theorem, the highest frequency that can be modeled with discrete signal data is half of the sampling 

frequency, which means that the transform has to be performed at every other point. Furthermore, if 

scales and positions are chosen based on powers of two (so-called dyadic scales and positions), then 

analysis will be much more efficient and just as accurate [Anon 2006a]. This kind of analysis is 

obtained from the discrete wavelet transform (DWT). Now the dilations and translations of the 

mother wavelet ߰ define an orthogonal basis according to Eq. 28, where scaling step ܽ଴ is powered 

with integer ݆ and shifts ݖ are defined relative to the scale of the wavelet ݖ ൌ ଴ܽ଴ݖ݇
௝ , where ݆ and ݇ 

are integers and ܽ଴ ൐ 1 is a fixed scale step [Daubechies 1990; Mallat 1999]. The wavelet function 

is scaled by the power of two so that the sampling of the frequency axis corresponds to dyadic 

sampling and is shifted by integers so that also the dyadic sampling of the time axis is obtained. 

Thus usually ܽ଴ ൌ 2 and ݖ଴ ൌ 1.  

߰௝,௞ሺݐሻ ൌ
1

ටܽ଴
௝

߰ ൭
ݐ െ ଴ܽ଴ݖ݇

௝

ܽ଴
௝ ൱ 

 (28)

In this thesis DWT has been implemented using filters [Mallat 1989]. This filtering algorithm, 

usually called Mallat algorithm, yields a fast wavelet transform. Eq. 29 and 30 show calculation of 

wavelet coefficients by convolutions with dilated filters ത݄ and ҧ݃, where ௝ܽ is a signal before 

decomposition,  ௝ܽାଵ are approximation coefficients and ௝݀ାଵ are detail coefficients.  
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௝ܽାଵሾ݊ሿ ൌ ௝ܽ כ ത݄
௝ሾ݊ሿ  (29)

௝݀ାଵሾ݊ሿ ൌ ௝ܽ כ ҧ݃௝ሾ݊ሿ  (30)

Actually, every other sample of these convolutions is taken when ௝ܽାଵ and ௝݀ାଵ are computed. The 

wavelet function is determined by the high-pass filter ҧ݃  and the scaling function is determined by 

the low-pass filter ത݄. The wavelet function is associated with the details and the scaling function 

with the approximations of the wavelet decomposition. Furthermore, the approximations are the 

high-scale, low-frequency components of the signal, and the details are the low-scale, high-

frequency components. Repeating this process is referred to as the multilevel one-dimensional 

DWT, which is used to extract the wavelet coefficients, which are then used for classification 

[Anon 2006b]. The basic principle of DWT using filters followed by a down sampling is shown in 

Figure 5.  

 

Figure 5:  The basic principle of DWT using filters followed by factor 2 down sampling [Mallat 

1999]. 

Because the original signal or function can be represented at a certain accuracy using only 

approximation coefficients, data analysis can be performed using just the approximation 

coefficients [Graps 1995; Mallat 1999]. Therefore, in this thesis approximation coefficients are 

extracted from the measured data and used as inputs to SOMs in the classification.  

2.2 Classification of system state  

After feature extraction, a classifier uses extracted features to assign sensed inputs to a category. 

Different system states, normal state, specific faults and their levels are classified using extracted 

features from the measured signals. In this thesis neural network methods are employed for the 

classification of the system states. Even though several neural network methods are discussed, the 

thesis focuses strongly on one of these, the SOM. 
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2.2.1 Neural networks 

A neural network can be used to form an input-output model of the behavior of the system, 

component, etc. based on features which are trained to the network. So it forms a black-box model 

of the system, or as here different system states, normal and different fault situations and their 

levels. It is not usually possible to examine precise information about system behavior as in 

analytical simulation models, but the effort of making a model of the specific states of the system 

can be significantly smaller and, more importantly, only relevant information is modeled. 

 

Traditional types of networks like MLP, which try to minimize the error on the training data, have 

suffered difficulties with generalization and producing models that can overfit the data. But there is 

also a problem of acquiring high-quality training data from typical fault situations that is needed to 

train the networks. Usually, it is not possible to obtain this information before a fault situation 

emerges in the systems and therefore the unsupervised training approach was adopted in this study 

and SOMs were chosen to form input-output model of the normal situation of the system. Even if 

measurement data from fault situations is available it is not used in training in the first phase. In 

unsupervised training, the network is not trained towards specified outputs. This means that the 

network updates its weighting parameters without the need for a performance of feedback. Most of 

the algorithms which use unsupervised training perform some kind of clustering operation where 

they categorize the input patterns into a finite number of classes [Karray 2004]. Schematic 

representation of supervised and unsupervised training is shown in Figure 6. [Anon 2006b; Hagan 

2002; Hiirsalmi 2001; Kohonen 2001] 

 

a)  b) 

Figure 6: Schematic representation of supervised and unsupervised training: a) supervised, b) 

unsupervised [Karray 2004]. 
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The classification procedure in this thesis consists of two phases. In the first phase, the fault 

situations are not known, and only data from the normal situation is used to train the network. In the 

second phase, the network can be trained with normal and fault situation data when a fault situation 

is detected. In the second phase, also supervised training methods like SVMs, which try to minimize 

the generalization error, could be used. This enables greater ability to generalize which is the goal in 

statistical learning. More about using the SOM in the data analysis of hydraulic systems and 

components is presented in Chapter 3. 

2.3 Post processing 

A post processing part of data analysis uses the output of the classifier to make a decision about the 

state of the system, and in addition to this it can also decide what actions to take. The post processor 

takes account of other considerations, such as the error rate of the classifier and, when multiple 

classifiers are used, to decide on the appropriate action.  

 

In this thesis, the decision on the state of the system can be regarded to belong to the post 

processing part. The post processor makes a decision if a fault situation is detected and what is the 

level of the fault. In this process multiple classifiers are used. Also a few simple actions, such as 

notice to the operator based on the post processor are used, and more sophisticated ones, such as the 

limitation of functions or power to avoid further damage to the system, or the tuning of control 

parameters when changes in the component or system properties are identified, are discussed.  

2.4 Discussion 

The data analysis methods presented in this chapter have been selected based on practical 

experience and literature review. The focus in this thesis is on applying these methods to hydraulic 

systems so that information or phenomenon of the system or components could be ascertained, 

which perhaps could not have been analyzed with traditional methods used in condition monitoring 

of hydraulic systems. There are many methods which can be utilized to analyze measurement data, 

but knowledge of system behavior and phenomenon of hydraulic systems cannot be forgotten. The 

key element of successful data analysis is the understanding about the operation and phenomenon of 

the system and also understanding of the results of the data analysis. 
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3 USING SELF-ORGANIZING MAPS IN DATA ANALYSIS 

OF HYDRAULIC COMPONENTS AND SYSTEMS 

The SOM converts complex, nonlinear statistical relationships between high-dimensional data items 

into simple geometric relationships on a low-dimensional display. So it compresses data while 

preserving the most important topological and metric relationships of the original data. This method 

employs unsupervised learning so the training is entirely data-driven. A SOM consists of neurons 

organized on a regular low-dimensional grid, usually 2-dimensional. These neurons are organized 

so that similar neurons are near and different ones far away each other. The SOM algorithm 

resembles vector quantization (VQ) algorithms, such as k-means, but in addition to the best 

matching weight vector also topological neighbors of the map are updated [Vesanto 2000]. In this 

way neighboring vectors have similar weight vectors. In this study hexagonal lattice structure and 

sheet shape SOMs are used. 

 

Figure 7: Schematic representation of SOM [Karray 2004]. 

SOMs learn to recognize groups of similar input vectors in such a way that neurons physically near 

each other in the neuron layer respond to similar input vectors. Similar system states have similar 

variable values / feature vectors and therefore it is possible to separate different system states. Each 
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neuron is presented by a d-dimensional weight vector (prototype vector, codebook vector)              

ൌ ܕ  ሾ݉ଵ, … , ݉ௗሿ, where d is equal to the dimension of the input vectors, and they are connected 

to adjacent neurons. In the SOM training algorithm the best-matching weight vector and also its 

topological neighbors on the map are updated. Training of SOMs are based on competition between 

the neurons. Schematic representation of a SOM is shown in Figure 7.  

3.1 SOMs in data analysis 

SOMs have been extensively analyzed and a number of variants of SOMs have been developed. 

Common to most of the variants is that they are essentially a collection of prototype vectors (or 

other local models) and a set of neighborhood relations defined between them. These are iteratively 

adjusted to correspond to the training data so that neighboring prototypes become similar to each 

other. The underlying reason for these variations is to enable SOMs to better follow the topology of 

the data or to achieve better quantization results. As a drawback the visualization of the final result 

can become unclear and the algorithm itself becomes computationally heavier. In this thesis the so-

called basic SOM is used to study the applicability of SOMs to the condition monitoring of 

hydraulic systems and to create methods for condition monitoring of them.   

 

SOMs can be used in different ways to monitor the status and condition of components and 

systems. These are, for example, quantization error [Ahola 1999; Alhoniemi 1999; Krogerus 

2006b], categorization [Krogerus 2006b], feature extraction, forbidden area of neurons [Zachrison 

2006] and parameter estimation. Kohonen [Kohonen 2001] states that if the operating conditions of 

the system vary within wide limits or if it is not possible to define normal situations the SOM must 

be used on two levels for the analysis of faults or alarms. In this thesis, on the first level, the so-

called fault-detection map is used and the fault detection is based on quantization error. Kasslin et 

al. [Kasslin 1992] argue that the quantization error method is the best one when only data from the 

normal situation is used in training. On the second level, the categorization method is used to 

identify specific faults and their levels. In this thesis it is proposed that the second level can also be 

divided into two different parts, in which case the faults will be first identified and after that their 

levels. Figure 8 shows the first and second level data analysis process using SOMs. If only the 

second level is used in the classification process, then data from normal state are needed in training, 

otherwise it can be left out because it has been taken into account on the first level. 
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Figure 8: First and second level data analysis process using SOMs.  

In the quantization error method only data from the normal situation of the system is used in 

training and it is based on the distance calculation between the best-matching unit (BMU) and input 

vector. Map units which are hit during the training are labeled after it as a normal situation. The 

term hit means that a neuron in the map has been chosen, at least once, as a BMU in the training 

phase. If clustering of input data is ascertained, semantic labels may be attached to certain units of 

the topological map. After this a certain threshold is set which determines the greatest distance on 

which recognition occurs. So when the network is tested the distances between sample vectors from 

the testing data and all the codebook vectors of the SOM, which are labeled as normal, are 

calculated. If the minimum distance is bigger than the threshold value set beforehand, then this 

sample vector is treated as a new event. If the map units are labeled and thresholds are determined 

properly, the network may be used as a detector of new events [Kuravsky 2001]. Thus the analysis 

concentrates on finding the properties of the normal data and the appropriate means to identify 

deviations from the normal situation. It should be noticed here that the term quantization error is 

used also for the measure which describes the mapping accuracy in the training phase, see Eq. 40. 

  

After new events have been detected and proved to be fault situations, these can also be trained to 

the SOM on the second level. Then these fault situations can be identified in the future using the 

SOM as a categorizer which uses data from normal and fault situations in the training phase. In this 
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method data are clustered to certain areas in the neuron layer, and semantic labels can be attached to 

certain units of the topological map, after training the map, which correspond to the state that has 

the most hits at specific neuron. Usually, data from fault situation are not available at the beginning 

of the life cycle of the hydraulic system unless there is data history available from similar systems 

that have similar symptoms near an emerging fault situation. More often only deviations from the 

normal situation in measured variables are detected during an operation where the quantization 

error method is used, and the actual fault can be confirmed with certainty after more specific 

examination. After confirmation of the fault situation, information from this state can be used in the 

future to detect and identify this specific fault situation, its level, and in some cases even a 

prognosis of how fast the fault will develop into failure. 

3.1.1 Normalization of features 

Before using SOMs the input data / feature vectors need to be normalized because large variable 

values would have a bigger meaning without this operation. Since the SOM algorithm is based on 

distance calculation, input vectors with large values would dominate the organization of the map. In 

this study logistic transformation is used, which ensures that all values are within the range [0, 1]. 

The transformation is more or less linear in the middle range, around mean value, and has a smooth 

non-linearity at both ends, which ensures that all values are within the range. The data are first 

scaled as in variance normalization: see Eq. 31, where ݔҧ is the mean of ࢞ and ݏ is the standard 

deviation of  ࢞. After that it is transformed with the logistic function, see Eq. 32. [Anon 2006b]  

௦ܠ ൌ
௜ܠ െ ҧݔ

ݏ
 

 (31)

௟ܠ ൌ
1

ሺ1 ൅ ೞሻܠି݁
 

 (32)

3.1.2 Training algorithms 

The SOM Toolbox, implementation of the SOM and its visualization in the Matlab computing 

environment, is used to create and run the neural networks. There are two variants of the SOM 

training algorithm in the Toolbox. In traditional sequential training data samples are presented to 

the SOM one at a time and the algorithm gradually moves the weight vectors towards them. In the 
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batch training the data are presented to the SOM as a whole and the new weight vectors are 

weighted averages of the data vectors. [Anon 2006b] 

 

Both of the SOM algorithms have been tested and those classified the state of the system almost as 

well when the criterion is the correct state of the system. If all observation samples are available 

prior to computations batch algorithm can be applied. In this thesis the batch algorithm is used 

because it is much faster in Matlab. Presentation of the algorithms is based on [Kohonen 2001; 

Vesanto 2000]. 

 

Defining the number of map units is an essential part of the analysis. The number of map units is 

usually defined according to Eq. 33, where ݉ is the number of map units and ݊ is the number of 

data samples. In this thesis also smaller maps have been used because better results were obtained 

with those. 

݉ ൌ 5√݊  (33)

It has been proved that the SOM algorithms can be initialized using random values for the codebook 

(weight) vectors, and still these vectors will be ordered in the long run. However, it is not the best or 

fastest way and it is better if the initial values are already ordered. In this study linear initialization 

has been used. [Kohonen 2001]. 

Sequential training algorithm 

In sequential training the SOM is trained iteratively. In each training step, one sample vector ܠ from 

the input data set is chosen randomly and the distances between it and all the weight vectors ܕ of 

the SOM are calculated using some distance measure, typically Euclidian distance, which is shown 

in Eq. 34. Here, the neuron whose weight vector is closest to the input vector ܠ is called the BMU, 

denoted by ܿ. 

ԡx െ m௖ԡ ൌ min
௜

ሼԡx െ m௜ԡሽ  (34)

When the BMU has been found, the weight vectors of the SOM are updated so that the BMU and its 

neighbors are moved closer to the input vector in the input space. Figure 9 shows updating of the 

BMU and its neighbors. 
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Figure 9: Updating the BMU and its neighbors [Anon 2006b]. 

After this the SOM update rule for the weight vector of unit ݅ goes according to Eq. 35. The ܠሺݐሻ is 

an input vector randomly chosen from the input data set, ݄௖௜ሺݐሻ is the neighborhood kernel around 

the winner unit ܿ, ߙ ሺݐሻ is the learning rate and ݐ ൌ 0, 1, 2, … is the discrete time. 

ݐ௜ሺܕ ൅ 1ሻ ൌ ሻݐ௜ሺܕ ൅ ሻݐሺܠሻሾݐሻ݄௖௜ሺݐሺߙ െ ሻሿ  (35)ݐ௜ሺܕ

Both learning rate and neighborhood kernel radius decrease monotonically during training, learning 

rate to zero, and neighborhood radius to some suitable nonzero value, typically one. In this study 

the used neighbourhood kernel is Gaussian. The kernel gets its biggest value for the map unit, and 

decreases monotonically with increasing distance on the map grid ||࢏ܚ – ࢉܚ||. The used 

neighbourhood kernel is shown in Eq. 36, where ࢉܚ and ࢏ܚ are positions of neurons c and ݅ in the 

output space, and ߪ is the neighbourhood radius. A large neighbourhood radius is usually used only 

in the beginning of the training because it makes the SOM more rigid. If the neighbourhood radius 

is set to zero the SOM algorithm reduces to k-means algorithm. 

݄௖௜ሺݐሻ ൌ ݁
ି

ԡܚ೎ିܚ೔ԡమ

ଶఙమሺ௧ሻ  
 (36)

The learning rate could be in sequential algorithm, for example inverse-of-time. The inverse-of-time 

learning rate is defined according to Eq. 37, where ௧ܶ is the training length and ߙ଴ is the initial 

learning rate. One difference between batch and sequential training algorithm is that there is no 

explicit learning rate parameter in the batch map. 
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1 ൅ ݐ100
௧ܶ

  (37)

The training is usually performed in two phases. In the first phase a relatively large learning rate 

and neighborhood radius are used.  In the second phase they are small right from the beginning. So 

first is the tuning of the SOM approximately to the same space as the input data and then fine-

tuning the map. 

 

Usually the final map used is a result of many tests and iterations. In [Anon 2006b] it is 

recommended that the number of training steps should be at least 10 times the number of map units, 

but the number of iterations has to be decided separately every time and it can also be substantially 

lower. 

Batch training algorithm 

An alternative for traditional sequential training algorithm is the batch training algorithm, which is 

also iterative, but instead of using a single data vector at a time, the whole data set is presented to 

the map before making any changes to it.  In each training step, the data is partitioned according to 

the Voronoi regions of the map weight vectors. This means that each vector belongs to the data set 

of the map unit which it is closest. After this the new weight vectors are calculated according to Eq. 

38, where ܿ ൌ arg min୩൛ฮܠ௝ െ  ௝ and ݊ is theܠ ௞ฮൟ  is the index of the BMU of data sampleܕ

number of data samples.  

ݐ௜ሺܕ ൅ 1ሻ ൌ
∑ ݄௖௜ሺݐሻܠ௝

௡
௝ୀଵ

∑ ݄௖௜ሺݐሻ௡
௝ୀଵ

 
 (38)

The new weight vector is a weighted average of the data samples, where the weight factor of each 

data sample is the neighborhood function ݄௖௜ሺݐሻ at its BMU c.  

3.1.3 Quality measures 

For many algorithms, there exists a cost or energy function, which defines the optimal situation. 

The issue of SOM quality is a complicated one. Typically, two evaluation criteria are used: 

resolution and topology preservation [Anon 2006b]. For the basic SOM algorithm (Eq. 35) it has 

been proved that it is not the gradient of any cost function in the general case. The map distortion 

measure, defined according Eq. 39, where ݊ is the number of data samples and ݉ is the number of 
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map units, can be shown to be a local cost function of the SOM in the case of a discrete data set and 

fixed neighborhood kernel [Vesanto 2002].  

Eୢ ൌ  ෍ ෍ ݄௖௜ฮܠ௝ െ ௜ฮܕ
ଶ

௠

௜ୀଵ

௡

௝ୀଵ

 
 (39)

Besides Eq. 39, several other quality measures have been proposed for measuring the quality of the 

SOM. The quantization error is the distance of an input vector from the closest codebook (weight) 

vector in the input space. The quantization error over all available input data is a sensitive measure 

of the mapping accuracy. If the configuration of the models has not yet reached the stable state in 

the learning process, or if there are unwanted “twists” in the map, the quantization error remains 

significantly higher than at the ordered optimum. It is quite another question theoretically, and also 

from the practical point of view, as to whether the quantization error alone describes the topological 

order of the maps [Kohonen 2001]. In the SOM Toolbox average quantization error is calculated 

according to Eq. 40 [Anon 2006b]. 

E୯ ൌ  
1
݊

෍ԡܠ୧ െ ୡԡܕ
௡

௜ୀଵ

 
 (40)

The topologic error is described in The SOM Toolbox with a value which is the percentage of all 

the data vectors, for which first and second BMUs are not neighboring units. These measures give 

the best results when the map has overfitted the data. This may happen when the number of map 

units is as large as, or larger than, the number of training samples. [Anon 2006b] 

 

In this study the most important quality measure is the overall quality of the state recognition. The 

quantization error and topographic error were used to detect abnormal situations in the learning 

phase. 

3.2 Applicability of SOM for analysis of operation of hydraulic 

components and systems 

In hydraulic systems there are two main challenges concerning condition monitoring. The systems 

are very nonlinear and the behavior is often highly dynamic [Crowther 1998]. As was stated in the 

beginning of Chapter 3, SOMs can be used successfully to model hydraulic systems and 

components that have nonlinear behavior. For example, in model-based approaches based on 
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physical phenomena, which are more often used to model hydraulic systems, nonlinear phenomena 

are modeled at a certain accuracy, which leads to larger modeling errors and less accurate diagnosis, 

and at the same time the complexity of the system increases. This applies also to expert systems 

[Atkinson 1992]. Highly dynamic systems need high measuring frequencies to investigate all the 

important phenomena, which again leads to large scale measurement data. As was stated in Chapter 

3.1, SOMs can be used to classify the raw input data directly. Preprocess should still be done to 

speed up the calculation and also for improving the final classification result. Other special 

characteristics of analysis of hydraulic systems discussed here are different operating areas and 

cross effects of measurement variables.  

3.2.1 Nonlinearities in hydraulic systems 

Hydraulic systems include various nonlinearities in the static and dynamic characteristics of their 

components [Hayashi 2001]. Consequently, a variety of nonlinear phenomena occur in the systems, 

and this causes nonlinearities in data that is measured from the system and will be used to model the 

system. For successful analysis of the system state the analysis method has to able to model 

nonlinear phenomenon. One example of nonlinearities in hydraulic systems is friction affecting, for 

example, in cylinders. Friction in hydraulic cylinders consists mainly in the piston and rod seals. It 

is usually divided into static, Coulomb, and viscous friction, which are shown in Figure 10.  

  

Figure 10: Friction in hydraulic cylinders. 

3.2.2 Dynamic phenomena in hydraulic systems 

In hydraulic systems there are a lot of dynamic phenomena, which need to be measured and 

analyzed. In recent years this need has been growing as more and more accurate analysis studies of 

these systems have been made.   
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The algorithm of the SOM is computationally relatively light, so it is possible to apply it in real 

time systems to classify the state of a system using raw measurement data. Still, the performance of 

SOMs can be decreased if high measurement frequency and/or large number of measurements 

variables are used. Therefore, to improve the final classification result, raw measurement data were 

preprocessed before classification. In future the idea is also to produce methods for controlling the 

state of the hydraulic system based on the result of data analysis, which demands algorithms which 

can be applied to condition monitoring systems for real time applications. 

 

In situations where there are only a small number of training samples available, they can be used 

reiteratively to acquire a good statistical accuracy for the whole learning process [Kohonen 2001]. 

So the scale of measurement data is not a limiting factor if it covers all the important phenomena for 

accurate data analysis.  

3.2.3 Operation of SOM in the whole operating area of hydraulic systems 

Hydraulic systems can have several different operating conditions, which complicate the condition 

monitoring of such systems. For example, temperature and pressure levels change during operation 

and there can also be different loading conditions which also affect for example the pressure levels. 

Reliable analysis of such a system requires an analysis method that has good generalization 

capability. 

 

The performance of the neural network is finally determined by how well it works with data that 

have not been trained to it. No extra value is added to the condition monitoring system, if a network 

works fine in a single trained situation. More important is the generalization capability of the 

network. SOMs have the capability to generalize, i.e., the network can interpolate between 

previously encountered inputs. This is very essential when it is applied to monitor systems as 

featured in this thesis, where there can be changes in operating and loading conditions that affect 

the operation of the system and the measured variables that are used in data analysis. If a SOM with 

only a few map units is used, a better generalization can be achieved, but at the same time only a 

sparse quantization of the data space is provided [Alhoniemi 1999]. Neural networks can also suffer 

from the fact that correlation in sampled data degrades their generalization capability. This is 

because correlated data reduce the distinctiveness of data representation, and thus introduce 

confusion to the network during the learning process, hence producing a network that has low 

generalization capability to resolve unseen data. [Mohamad 2008] 
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Visualization of the result of the analysis method can offer clear information for example about the 

changes in operating areas and fault levels. Usually when using several variables in data analysis 

the relationships of variables and even the results can become unclear.  One of the most important 

features of SOMs is the visualization of a map which is an ordered representation of the data. The 

SOM Toolbox contains a number of functions for the visualization of SOMs: see Vesanto et al. 

[Vesanto 2000]. In this study, U-matrix and labeled map units are used to visualize 

clusters/different states of the system and their location in the map; see, for example, Figure 16 and 

Figure 17. 

3.2.4 Cross effects of measurement variables in hydraulic systems 

Many hydraulic systems contain information which cannot be interpret from individual 

measurements, but one has to examine the cross effects of different quantities to determine the 

status and the condition of the system. SOMs form a mathematical representation of the relations of 

variables used in the learning phase.  

 

When the complexity of the monitored system increases, the number of possible sensor 

combinations capable of discriminating all the faults also increases [Stecki 2005]. Modern machine 

systems typically utilize communication buses, which include a lot of information about the 

operation of the machine, e.g. process and control data. It would be most cost efficient to use 

already available information as much as possible. SOMs can also be used in sensor fusion or to 

model virtual sensors when physical sensing is not possible or practicable.  

3.3 Discussion 

In hydraulic systems there are several challenges and special characteristics that need to be 

understood and taken into account when the operation of such a system is analyzed.  Some methods 

cannot be used at all while some can only be used with certain limitations. The main reason why the 

neural network method SOMs are used in this study is that this type of network can be used in 

situations where data from fault situations are not available using the quantization error method, and 

it is also valid for identification of different faults and their levels. In this study the class 

information of the fault situations is known before but it is not used in training in any way. The map 

units are labeled after the training.  
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The applicability of SOMs for the analysis of hydraulic components and systems is proved with 

three different test systems and finally with a work machine, which is a forklift in this study. Using 

SOMs it is possible to build models of hydraulic components and systems which are nonlinear and 

the behavior of which is highly dynamic. Also the final result or the reasons for the results can be 

unclear when neural networks have been used for data analysis. Visualization of the maps is used to 

study the results of the analysis and reasons for them. 
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4 APPLYING DATA ANALYSIS METHODS FOR FAULT 

DETECTION IN HYDRAULIC COMPONENTS 

The data analysis methods introduced in the previous chapters are applied here to determine the 

state of hydraulic components in different test systems. The main idea is that when applying data 

analysis methods to measured raw data it is possible to distinguish different states of hydraulic 

system from each other, i.e. detect and identify different fault situations, their locations and levels. 

  

Three different test systems, one oil hydraulic [Krogerus 2006a; Krogerus 2006b] and two water 

hydraulic ones [Krogerus 2007; Krogerus 2008b], are used to demonstrate the operation of data 

analysis methods in practice. Several test systems are used to research the applicability of these 

methods in different systems and from different points of view to show the strengths and 

weaknesses of the studied data analysis methods in the detection and identification of different 

states in hydraulic components and systems. The study is based mainly on measurements from these 

test systems and two hydraulic components of hydraulic systems: the cylinder and valve. Different 

internal leakages are used as fault situations with these components.  

 

The structure of each test system and monitored components are presented with fault types in these 

components. The presented faults are artificial, mainly because of a lack of old worn/damaged 

components and also specific knowledge about their use, which makes it very hard to accurately 

compare the same type of components which have been in different use.  

 

The test systems were run in normal and different fault situations to obtain measurement data which 

can be used in training and testing the data analysis methods. Different faults were presented to the 

components of the test systems before fault situation measurements. In test system 1, the variables 

that were used in data analysis were pressures A and B from the actuator ports and control signal of 

the proportional valve. The cylinder was fully retracted when the sequence started and one 

reciprocating motion of the cylinder was driven. In this case, every measurement event was 

classified separately and every training and testing vector included three values (control signal, 

pressure A and pressure B). In test systems 2, the variables that were used in data analysis were 

pressures A and B from the actuator ports. In this case each sequence was classified separately, and 

training and testing vectors included the values of pressure A and pressure B of one sequence. In 

test system 2, the sequence was one reciprocating motion of the cylinder. In test system 3, besides 
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the pressures A and B also vibration signal was used, as an alternative to the pressure signals, in 

data analysis. Acceleration was measured from the other end of the valve in the axial-direction of 

the spool of the valve. In test system 3, extending and retracting strokes formed separate sequences. 

Training and testing vectors included the values of pressure A and pressure B or vibration of one 

sequence. 

 

The measurement data from the test systems were preprocessed before classification. In test system 

1 the measurements were filtered using a Chebyshev Type II lowpass filter to attenuate the 

measurement noise and PCA was used for visualization of the measurement and studying the 

possibilities for dimension reduction. In test system 2 wavelet analysis and in test system 3 

descriptive statistics and wavelet analysis are used for feature extraction. 

 

The classification of the states of the systems was done using SOMs, where fault detection based on 

quantization error was used on the first level and the categorization method was used on the second 

level. In the case of test system 1 also the results of the SOM and MLP types of networks using 

supervised learning on the second level in the categorization phase are discussed. In the case of test 

system 3 also SVMs were tested to improve the results of the categorization phase when specific 

faults are identified with their levels. 

4.1 Test system 1: Detecting internal leakages of the oil hydraulic valve 

and cylinder by using SOM 

In the first test system internal leakages of oil hydraulic valve and cylinder were studied using 

SOMs in classification. The possibilities of preprocessing the measured raw data using PCA were 

studied but only filtering was used with the shown classification results. PCA was utilized also in 

visualization of the measurement data. The shown quality of the state recognition explains how well 

different system states, normal and different fault situations, are detected and identified. The levels 

of faults were not studied here. 

4.1.1 Structure of the test system and monitored components 

The effects of fault situations on the performance of the proportional valve and cylinder were 

examined. The fault types of interest are a worn spool of the pilot operated proportional valve (fault 

1) and worn cylinder (fault 2), which both give increased leakage and a worn spool also changes the 

pressure characteristics of the valve. Both of the fault types studied here are artificial faults. The 
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hydraulic components studied are used, for example, in forest machinery. The simplified hydraulic 

circuit of the test system is shown in Figure 11. More details of the hydraulic circuit are presented 

in [Krogerus 2006a]. 

 

Figure 11: Simplified hydraulic circuit of test system 1. 

The spool of the valve was mechanically modified so that the control edge (P-A) and the spool land 

are worn. A schematic picture of this is shown in Figure 12. These modifications simulate erosive 

and abrasive wear of the valves. They change the pressure characteristics of the valve and give extra 

leakage due to the increased clearance between the spool and spool housing. Dimensions for 

modification of the land of the valve’s spool were estimated using Eq. 41, which defines the leakage 
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between the spool and the spool housing, where ݀௦ is the diameter of the spool, ݄ the radial 

clearance, ߟ the dynamic viscosity, ݈ the length of the clearance and Δ݌ pressure difference across 

the length of the clearance. The leakage between the annulus and the piston sides of the cylinder 

was created by opening a bleed valve.  

 

Figure 12: Schematic picture of the spool of the valve.  

ܳ௅ ൌ
௦݄ଷ݀ߨ

12 כ ߟ כ ݈
כ Δ݌ 

 (41)

Pressure and flow gain [Anon 1998], an example of spool leakage (P-T) and cylinder leakage are 

presented to show the impact of the introduced faults. These are shown in Figure 13. Test 

conditions and settings of the during the tests were: ݌௦ ൌ 220 bar, ܳ ൌ 180 l/min, ܶ ൌ 40 േ 2 Ԩ. 

The pressure gain shows some difference between a normal and faulty spool. The worn control edge 

(P-A), which is shown with positive control signals, is now giving a higher pressure gain. The 

pressure difference Δ݌ reaches supply pressure very rapidly. Also worn spool land changes pressure 

gain with negative control signals. In flow gain only a slight difference between spools can be 

observed. With positive control signal the faulty spool is opening a little before normal because of 
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increased flow area due to worn control edge. With negative control signal measurement the curves 

are almost identical but some maximum flow difference can be noticed.  

 

 

 Figure 13: Pressure gain, flow gain, example of valve leakage (P-T) and example of cylinder 

leakage.  

The difference between spools is distinct in case of internal leakage from the supply port to the tank 

line. Also the difference between erosive and abrasive wear can be seen. With negative control 

signal the leakage is much higher due to the increased clearance between the spool and the spool 

housing. With spool leakage measurement, evenly chancing ramp control signal was used with an 

overall duration of four minutes. The control signal goes from 0 mA to 1000 mA, from 1000 mA to           

-1000 mA and from -1000 mA to 0 mA. In the case of cylinder leakage measurement, the same 

sequence was driven as in the measurements for data analysis, see Figure 14. The normal leakage 

situation is not shown here because the leakage was created by opening a bleed valve. 
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4.1.2 Measured data for analysis 

The test system was run in normal and two fault situations. The measured variables were pressures 

A and B from the actuator ports and control signal of the proportional valve. The measurement 

frequency was 40 Hz.  

  

  

Figure 14: Example of control signal, pressure A and pressure B from sequence measurements, and 

the original data (control signal, pressure A, pressure B) mapped into a new coordinate system 

defined by the 1st and 2nd principal components.  

The same sequence was measured five times for each state. This way it is possible to improve the 

generalization of the network when new data are presented to the network. Three sequences were 

used for training and two for testing. Figure 14 shows examples of the measurements from one 

sequence. Data from the normal situation was measured also before controlling the system and after 

it, so when implemented into a condition monitoring system, these situations are also taken into 
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account. It is also possible to use a rising control signal to trigger the analysis. In Figure 14, data 

from the normal situation was shifted in time so that the control signals and the corresponding 

pressures match in the time domain for easier comparison of the measurements. From Figure 14 it 

can be seen how some of the normal and faulty measurement points are very close to each other. 

This causes errors in classification. Fault 1 differs more clearly from the normal situation than fault 

2. The difference between fault 2 and normal situation is small most of the time.   

4.1.3 Preprocessing of the measurement data and possibilities for dimension 

reduction using filtering and PCA 

The measured pressures contain measurement noise, which usually makes the classification made 

by the neural network more difficult. Therefore the measurements were filtered using the 

Chebyshev Type II lowpass filter before using them in training or testing [Anon 2006a; Liimatainen 

2006]. In this case the filtering improved the result of the classification only a little.  

  

Visualization of the measurement data and possibilities for dimension reduction were studied using 

PCA. PCA was tested here to reduce the number of measurement variables and therefore problem 

dimension, and to study the properties of the measurement data in a 2-dimensional space. When 

there are more than three variables, it is usually very difficult to visualize their relationships. 

Improvement of the classification results thanks to PCA was marginal. Therefore the classification 

results are shown for raw data only. Also the dimension of the data does not cause problems 

because input vectors have only three components. However, it is an important result that the level 

of the data analysis was maintained, regardless of the dimension reduction.  [Anon 2006a; Krogerus 

2006b] 

 

Figure 14 shows the first and second principal components of the shown sequence measurements, 

which explain about 99 % of the total variance of the shown example of the control signal, pressure 

A and pressure B. The original data were mapped into a new coordinate system defined by the 

principal components. In this case, pressure signals A and B and control signal were replaced with 

two new variables. It can also be seen from the right bottom corner of Figure 14 that fault 1 differs 

more from the normal situation than fault 2. It is obvious, then, that fault 1 is easier to detect than 

fault 2.  This overlapping of measurements complicates the classification process. 
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4.1.4 Classification of the state of the system 

The filtered measurement data were used in training and testing the SOM. A different number of 

iterations were tested and in the first phase of the training 4 and in the second phase 15 iteration 

rounds were used, which is relatively low number of iterations, but it was noticed in this case that 

the result of the classification was not improved if a higher number of iterations were used.   

 

Three different testing data sets and also the training data were presented to the SOM after the 

training. Every one of these testing data sets includes two sequences of the measurements which 

were not used in training. The first one consists of the measurements from normal situations. The 

second one is the measurements from the fault 1 situation and the last one is the measurements from 

the fault 2 situation. The number of map units is 25 x 11. Table 1 shows the number of used data 

points, the number of correctly classified states and also the correct states in percentages. 

Table 1: Quality of state recognition on the first level of SOM. 

  Training data Testing data 1 Testing data 2 Testing data 3
Data vectors 3115 2180 1587 1590 

Correct state (pcs./%) 2957/94.9 2090/95.9 1509/95.1 729/46.8 
 

Figure 15 shows the calculated minimum distances between the sample vectors of the training data, 

the testing data 1 (normal), testing data 2 (fault 1), testing data 3 (fault 2), and the codebook vectors 

of the SOM labeled as normal. It can be seen that the trained network recognizes data from the 

normal situation very well. Only a few spikes can be noticed from Figure 15 and the quality of the 

recognition is close to 95 % in both cases. From Figure 15 it can also be seen that the network 

detects fault situations from the testing data. In case of fault 1 this is more obvious, but also fault 2 

can be detected. In the case of fault 1 only 5.2 % of the measurements are classified as a normal 

state, and 54.2 % with fault 2. The classification result of fault 2 is not as good as the others, but it 

still shows a clear difference as compared to the normal state. Another approach would be to 

classify the whole sequence as it was done in test systems 2 and 3. 
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Figure 15: Minimum distances between the sample vectors of the training data, testing data 1, 

testing data 2, testing data 3, and the codebook vectors labeled as normal. Threshold is 0.02. 

Figure 16 shows the distribution of neurons in a 2-dimensional surface on the first level of the 

SOM. In Figure 16a is shown the U-matrix, which computes the unified distance matrix and shows 

the clustering structure of the SOM. In Figure 16b is shown the distribution of neurons according to 

the state and on the right (c) the hits during the training. The size of the colored area in Figure 16c 

describes how many times a neuron has been hit during the training.  
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a)  b)  c) 

Figure 16: First level of SOM: a) U-matrix, b) distribution of neurons according to the state of the 

system, c) hits during training.    

On the second level three different maps were trained to study how it affects the quality of state 

recognition if different maps are used for different faults. The first one was trained using data from 

normal and fault 1 situations, the second one using data from normal and fault 2 situations, and the 

last using data from normal and both fault situations. The numbers of map units in these different 

maps are 24 x 16, 29 x 13 and 29 x 16. Table 2 shows the quality of the state recognition with 

different maps. From Table 2 it can be seen that the results between maps with only one fault and 

the one with both faults are almost as good, which shows that several faults can be trained using 

only one map. The overall state recognition percentage is over 80 in every situation. Fault 1 is 

recognized a little better than fault 2 as could be expected from the figure of the actual 

measurements and especially from the figure where the original data is mapped into a new 

coordinate system defined by 1st and 2nd the principal components. 
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Table 2: Quality of state recognition on the second level of SOM. N is normal, ND is not defined, 

and F1 and F2 are faults. Dark grey areas are classified correctly. 

    Identified state of the system 
Maps State N F1 F2 ND 

Map 1
N 2180 (98 %) 29 - 16 
F1 52 1514 (95 %) - 21 
- - - - - 

Map 2
N 2074 (95 %) - 82 30 
- - - - - 

F2 216 - 1369 (86 %) 5 

Map 3
N 2036 (93 %) 28 120 2 
F1 30 1530 (96 %) 12 15 
F2 169 99 1308 (82 %) 14 

 

Also other methods have been tested on the second level to identify specific faults. In [Krogerus 

2006a] classification results using SOMs were little better when supervised training was used for 

identifying specific faults. In this study, the size of the maps is also determined differently, and they 

are smaller, which affects the final result of the classification.  Liimatainen [Liimatainen 2006] also 

applied a MLP type of neural network for fault 1 on the second level to identify specific faults, with 

quite good results. Still, it should be remembered that data from fault situations is rarely available 

and therefore unsupervised training is preferred in this study.  

 

Figure 17 shows the distribution of neurons of each map in a 2-dimensional surface into clusters on 

the second level of the SOM. It can be seen that the area that describes the normal state of the 

system changes according to which fault state measurements were used in training. Only small 

correlations between the maps can be observed. 
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a)  b)  c) 

Figure 17: Second level of SOM: distribution of neurons according to the state of the system: a) 

normal and fault 1, b) normal and fault 2, c) normal and both faults. 

4.1.5 Discussion 

SOMs were used for the classification of measurement variables to detect and identify two different 

fault situations in a test system. On the first level over 95 % of the states were classified correctly 

with testing data from normal and fault 1 situations which were not used in training. When data 

from the fault situation 2 were used in testing, the quality of the state recognition was a little under 

50 %. On the second level, when data also from the fault situations were used in training, the 

quality of the state recognition was over 80 % in each case. Overall, fault situation 2 was harder to 

detect. 

 

Each measurement event was classified here separately and it was not possible to recognize all the 

states correctly because the training and testing data contains situations where the normal and fault 

state measurements are very close to each other and therefore some of the classified states are 

incorrect. The classification results could be further improved if whole sequences were used instead 

of data vectors from every measurement event. This approach was used in test systems 2 and 3, and 

also in the research platform (forklift). If each measurement step is classified separately, as here, it 

has to take into account in the actual condition monitoring system, where the system does not react 

until the number of fault states in a certain time period exceeds the threshold value set beforehand. 
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In this case all the measurements were made at a specific temperature. In practical applications the 

temperature of the fluid also needs to be measured and taken into analysis, because it will change 

during the operation of the system and therefore will distort the results of the analysis, which are 

based on pressure measurements at specific temperature.   

4.2 Test system 2: Detecting internal leakages of the water hydraulic 

valve and cylinder using wavelet analysis and SOM 

In the second test system the internal leakages of water hydraulic valve and cylinder were studied 

using wavelet analysis in feature extraction and SOMs in classification. The operation of the data 

analysis methods were tested in a system which simulates the lift movement of the forklift, studied 

in Chapter 5. The shown quality of the state recognition explains how well different system states, 

normal and different fault situations and also their levels, are detected and identified 

4.2.1 Structure of the test system and monitored components 

The water hydraulic test system which was used to test the internal leakages of water hydraulic 

valve and cylinder is presented in Figure 18. The test system has an axial displacement pump with 

maximum delivery of 36 l/min (1500 rpm), a lifting cylinder with load mass and a control valve, 

which is a 4/3-way proportional spool valve modified from a pneumatic on/off valve and designed 

for low-pressure water hydraulics [Sairiala 2003]. The position of the spool was measured by a 

LVDT sensor and the measured signal used as a feedback signal for a PI-controller. The size of the 

cylinder in the test system was 32/16-500, while in the actual forklift the lifting cylinder was 63/40-

1000. This test system simulates the lift part of the forklift, which is presented in Figure 32. The 

maximum load mass in these tests was approximately 200 kg and the supply pressure 70 bar, while 

in the forklift the maximum load was approximately 1000 kg and the supply pressure 120 bar. The 

load in the test bench was smaller than in the forklift due to the limitation of the test bench, which 

was compensated with a smaller cylinder.  
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Figure 18: Structure of test system 2. 

The lifting cylinder was driven in a specified sequence. The cylinder was fully retracted when the 

sequence started. The upper limit used in these test systems was 350 mm when the cylinder was 

extending and the lower limit 230 mm when the cylinder was retracting, and a specified ramp was 

used in acceleration and deceleration of the cylinder. The deceleration ramp started after the limit 

was exceeded.  Figure 19 presents an example of position of the cylinder and control signal of the 

proportional valve from the driven sequence in a normal situation.  
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Figure 19: Example of position of cylinder and control signal of valve in normal situation, and 

different internal leakage levels of cylinder in fault situations. 

In this study sealing faults in the cylinder and the control valve, which cause internal leakage in 

these components, were studied. These types of faults are emphasized in water hydraulic systems 

because of the low viscosity level of the water. 

 

The potential faults in the cylinder are internal leakages through the seals. This can be caused by the 

wear of the seals or damage in the cylinder barrel. The life time of the seals of water hydraulic 

cylinders is much lower than the life time of oil hydraulic cylinders because of poor lubrication, 

which is caused by the small viscosity of water. The worn/damaged cylinder causes internal 

leakage, which changes the behavior of the system. The leakage between the annulus and piston 

sides of the cylinder was created here by opening a bleed valve between the actuator ports. The 

three different leakage levels which were used are shown in Figure 19. The leakage levels used in 

this study were determined by the maximum leakage value of the driven sequence. These levels 

were approximately 0.5/1.0/2.0 l/min. A flow meter was used to set the desired leakage values.  The 

round shape of the leakage flows is because of the type of the flow meter, but in this case only the 

levels are of interest. 

 

The potential fault type in the control valve is increased internal leakage. The leakage can be 

increased due to seal cracks and wear of the spool. The construction of the valve is such that the 

spool is inside a sleeve that is mounted in the body of the valve, and between the sleeve and the 

body are o-ring seals [Sairiala 2003]. If these o-rings are damaged, the result is increased internal 

leakage between the ports of the valve. How this affects the functionality of the system depends on 

which seal is damaged and how big the damage is. Similar damage can occur if the spool is wearing 
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because of erosion and cavitation in the valve. In this study a seal crack in the spool sleeve of the 

valve was used as a fault case. The used proportional valve has a spool sleeve that has six seals, and 

the middle four of them are of interest in this study. The spool sleeve with seals is shown in Figure 

20. 

 

Figure 20: Spool sleeve of the valve with seals. 

The valve has an external drain line and the outermost seals are only for sealing the drain line from 

the tank line and do not affect the behavior of the system, and for that reason they were not used in 

this study. Seal cracks in different seals were investigated one at a time. The studied seals are 

numbered 1 to 4 (S1 to S4), starting from the spring end of the valve. This kind of fault type can be 

caused by deterioration of the seal material or poor assembling of the spool sleeve into the valve.  

4.2.2 Measured data for analysis 

Training and testing data for use in data analysis were measured from the test system. The test 

system was run in normal and two fault situations. The measured variables were pressures A and B 

from the actuator ports. There were eight different system states to measure, which were normal 

state and seven different fault states. The same sequence was measured 100 times in each case so 

the total amount of sequences is 800. The measurement frequency is 1 kHz and the measurement 

time is three seconds, so 3000 measurement points were recorded during every sequence. Multiple 

sequences were driven because in this way it is possible to improve the generalization of the 

network when new data are presented to the network and also to obtain adequate resolution in the 

results.   

Figure 21 shows examples of measured pressure signals A and B from the actuator ports in normal 

and fault situations. In the fault case of cylinder leakage three different fault levels are shown. The 

effect of different levels of the cylinder leakage can be seen because leakage slows down the lifting 

movement. In the fault case of valve leakage four different seal faults are shown. In this case there 

is not the same clear slowing down of the lifting movement, but some deviation between the normal 

and fault situation can be found in every case of seal crack.  
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Figure 21: Examples of pressure A and B in normal and fault situations. 

From Figure 21 it can be seen how there is a lot of overlap in the measurements and that is the 

reason for the whole sequence being classified here instead of classifying each measurement step as 

in test system 1 and in [Krogerus 2006a]. 

4.2.3 Feature extraction using wavelet analysis 

The wavelet coefficients were extracted from the measured data and used as inputs to the SOM in 

the classification. Examples of the coefficients are shown in Figure 22, where 96 approximation 

coefficients are extracted in each case from the original pressure data, which consists of 3000 data 

points.  
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Figure 22: Example of wavelet coefficients of pressure A and B in normal and fault situations.  

4.2.4 Classification of the state of the system 

Different system states, normal and different fault states, were classified using extracted coefficients 

from the pressure signals A and B. One sequence is described using data from both pressures. 

Training and testing vectors contain altogether 192 data points so the input vector of the neural 

network has 192 components.  

 

On the first level 50 sequences from the normal situation were used in training and 50 sequences 

from each system state in testing. The number of map units is 7 x 5 and the threshold is 4.0. The 

size of the map is quite small, but it is not necessary to use a bigger one because it does not make 

the results any better and also slows down the calculation. All the sequences were classified 

correctly.  
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On the second level 50 sequences from each system state were used in training and other 50 from 

each system state in testing. The number of map units is 14 x 7. Table 3 presents the quality of the 

state recognition of the SOM.  

Table 3: Quality of state recognition on the second level of SOM. N is normal, ND is not defined, 

L1 to L3 are different leakage levels and S1 to S4 are different seal faults. Dark grey areas are 

correct states. Light grey areas are correct faults but level is wrong. 

  Identified state of the system 

State N 
Cylinder fault Valve fault 

ND 
L1 L2 L3 S1 S2 S3 S4

N 49 0 0 0 0 0 0 0 1 

C
yl

in
de

r L1 0 47 2 0 0 0 0 0 1 
L2 0 0 49 0 0 0 0 0 1 
L3 0 0 0 50 0 0 0 0 0 

V
al

ve
 S1 0 0 0 0 44 0 0 0 6 

S2 0 0 0 0 0 45 0 0 5 
S3 0 0 0 0 0 0 50 0 0 
S4 0 0 0 0 0 0 0 45 5 

 

From the results it can be seen that only one normal sequence is classified incorrectly. The 

sequences in case of cylinder leak 3 (2.0 l/min) are all detected correctly, but with smaller leakages 

there are some errors in classification. With leak 1 (0.5 l/min) there are two sequences that are 

mixed with leak 2 (1.0 l/min). All other errors are due to a not defined unit being chosen. Internal 

cylinder leakages under 0.5 l/min are very hard to detect using only pressure measurements. Seal 

cracks in seals 1, 2, 3 and 4 are separated from other faults very well, but in some of the sequences a 

not defined unit is chosen. 

 

Figure 23 shows the distribution of neurons on the first and second level of the SOM. The map 

which was used on the first level is on the left and the map used on the second level on the right. It 

can be clearly seen that the levels of the cylinder leakage are next to each other and tend to move on 

the map when the level of the leakage changes. This phenomenon could be used to follow how the 

leakage is growing over time and used to give a prognosis. Also different seal faults are located in 

the same area of the map but those are not so strongly connected to each other as the cylinder 

leakage levels. The seal faults are more like different fault types than different levels of one fault.  
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 a)  b)  

Figure 23:  Distribution of neurons according to the state of the system: a) first level of SOM, b) 

second level of SOM.  

4.2.5 Discussion 

Typical fault situations from water hydraulic valves and cylinders were studied here and SOMs 

were used to classify the extracted wavelet coefficients of the measurement variables pressure A 

and B. On the first level all the states were classified correctly. On the second level the quality of 

the state recognition percent was 88-100 %, so overall every state could be detected and separated 

from other levels. It was demonstrated here that the neural network method, the SOM, is suitable 

for detecting changes in the state of the water hydraulic system using only wavelet approximation 

coefficients from two pressure signals. A control signal was not used here in data analysis as in test 

system 1, but nevertheless the measurements used in data analysis are from some predefined test 

sequence, so in that sense attention has been paid to it. 

 

Selecting the number of map units is a sensitive parameter because although it improves some 

classification results, it can also make other cases worse. This could be prevented by using multiple 

networks instead of one. But in some cases this causes other problems such as more than one map 

giving a predefined state when the state is not unambiguously defined. Therefore, only one map was 

used in the categorization phase here. 
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In this test system, one reciprocating motion of the cylinder formed the sequence which was used in 

data analysis. To use more simple sequence, extending and retracting strokes could be used as 

separate sequences when different directions of actuator movements could be studied separately.  

4.3 Test system 3: Comparison of vibration and pressure signals for 

fault detection in the water hydraulic proportional valve 

In the third test system the goal is to detect internal leakages created by seal faults and also identify 

which seal is damaged in the water hydraulic proportional valve using vibration and pressure 

signals which are analyzed using different data analysis methods. The feature extraction was 

performed using either descriptive statistics or wavelet analysis to identify the most influential 

features from the measured signals, which were then used to classify the state of the system using 

SOMs.  

 

Condition monitoring of hydraulic systems is based on measurements and deviations in these 

measurements. Different measurement variables are more sensitive than others to show early 

changes in the state of the system and components. Vibration and pressure signals were studied here 

to see how well they act as an indicator of a system´s health state and the sensitivity of these 

different measurement variables were compared. Pressure signals are more often used in condition 

monitoring of control valves than vibration signals. Vibration signals are instead often used to 

monitor rotating components like a pump or a motor. But there has also been research on 

monitoring other hydraulic components using vibration measurements, for example Wue et al. 

[Wue 2004] and Yunbo et al. [Yunbo 2001] studied the condition of the seals of hydraulic cylinders 

using vibration measurements.  

4.3.1 Structure of the test system and monitored components 

In the third test system a water hydraulic proportional valve was studied in a test system during 

extending and retracting strokes of the cylinder while vibration and pressure signals were measured 

in normal and different fault situations. The hydraulic circuit of the test system is presented in 

Figure 24.   

 

The vibration signal was measured from the other end of the valve in the axial-direction of the spool 

of the valve, but it still describes more the behavior of the whole system than just the behavior of 

the valve. Therefore studying the effect of using different frequency areas in data analysis was left 
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out and the vibration energy of the whole sequence was used in data analysis. Acceleration sensors 

were used to measure the vibrations and pressure sensors to measure the pressure from the actuator 

ports A and B. The locations of the sensors can be seen in Figure 24. Two different accelerometers 

were used in the beginning of the study. The IMI Sensors accelerometer (see Appendix A) was 

selected due to better data analysis results. The signal processing of the acceleration measurements 

was conducted by using a 15th order Chebyshev band-pass filter. The lower and upper cut-off 

frequencies are 2 Hz and 20 kHz.  

 

Figure 24: Structure of test system 3. 

The studied water hydraulic proportional valve was similar to that used in test system 2, but a 

smaller size. An axial displacement pump with maximum delivery of 10 l/min (1500 rpm) was used 

in the system and the size of the double-acting cylinder was 32/16-500. The supply pressure in these 

tests was 30 bar. The load used in testing was 70 kg due to the limitation of the test bench. 
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The cylinder was driven in a specified sequence using programmable position limits. After the limit 

was exceeded, the control signal of the control valve was driven to zero using a specified ramp. The 

upper limit used in the test system was 300 mm when the cylinder was extending and the lower 

limit 200 mm when the cylinder was retracting. The starting point of the stroke was where the 

cylinder stopped last time. An example of cylinder position and control signal of the control valve 

in the extending and retracting strokes of the cylinder is shown in Figure 25. 

    

Figure 25: Example of cylinder position and control signal of control valve from extending and 

retracting strokes in normal situation. 

The potential fault type in the studied proportional valve is increased internal leakage. In this 

studied valve, the spool is inside a sleeve that is mounted in the body of the valve, and between the 

sleeve and the body were o-ring seals. The used spool sleeve with the seals and an example of a 

faulty seal, with a 50 x magnification, are shown in Figure 26.  

  

a)  b)  c) 

 Figure 26: a) spool sleeve of valve, b) example of seal fault, c) 50 x magnification of seal fault. 
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In this study a seal fault in the spool sleeve of the valve was used as a fault case. The used 

proportional valve has a spool sleeve with six seals, and middle four of them are of interest in this 

study. The effects of the seal faults in these seals were investigated one at a time. The studied seals 

are numbered 1 to 4 (S1 to S4) starting from the spring end of the valve. In a non-controlled state 

the cylinder tended to crawl slowly when S2 or S3 was damaged. In test system 2, the differences 

between the velocities of the sequences could be seen between the normal and fault situations. The 

same phenomenon cannot be seen in the present system during the sequence because of a lower 

pressure level, smaller load and the cylinder being driven horizontally. In test system 2 the cylinder 

was driven in vertical direction. 

4.3.2 Measured data for analysis 

Training and testing data for use in classification was measured from the test system. The test 

system was run in a normal and four fault situations, which are four different seal faults, in the 

extending and retracting strokes. The measured variables were pressures A and B from the actuator 

ports, and acceleration, which was measured from the other end of the valve in the axial-direction of 

the spool of the valve, see Figure 24.  

 

The same sequence was measured 10 times, in five different system states, for both directions, so 

the total amount of sequences is 100. The measurement frequency with the pressure measurements 

is 1 kHz and with the acceleration measurements 20 kHz. The measurement time in the extending 

stroke is 2.0 s and 1.6 s in the retracting stroke.  

 

Figure 27 shows examples of the pressure measurements. Some of the normal and faulty 

measurement points are very close to each other, especially in the middle of the sequence. The 

biggest differences can be seen in the beginning and at the end of the sequence. 
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Figure 27: Example of pressures A and B from actuator ports from extending and retracting strokes. 

Figure 28 and Figure 29 show examples of the vibration measurements in normal and seal 2 fault 

situations, as an example, in the extending and retracting strokes. The figures show the time and 

frequency domain representations of the vibration signals. Frequency domain representation was 

formed using fast Fourier transform (FFT). In the extending stroke the most obvious change can be 

seen in low frequencies below 1 kHz, whereas in the retracting strokes the biggest change can be 

seen near 7 kHz. Also the shapes of the time domain signals are very different in normal and seal 2 

fault situations. In this study the entire measured frequency area 2 Hz - 10 kHz was used in the data 

analysis.  
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 Figure 28: Example of vibration signals from extending stroke in normal and seal 2 fault situations. 
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Figure 29: Example of vibration signals from retracting stroke in normal and seal 2 fault situations. 
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4.3.3 Feature extraction using descriptive statistics and wavelet analysis 

Descriptive statistics are used to describe the basic statistical features of the measurement data. 

Eight different statistical values were extracted from both pressure signals and the vibration signal 

in extending and retracting strokes to obtain relevant information for classification. In the case of 

pressure signals A and B, the training and testing vectors include eight statistical values from both 

pressure signals, so altogether 16 values form one sequence. In the case of the vibration signal, the 

training and testing vectors include eight statistical values. 

 

In wavelet analysis, level 5 DWT was used in extracting approximation coefficients in the case of 

the pressure signal. With the vibration signal, level 7 DWT was used. In the extending stroke 65 

coefficients were extracted from both pressure signals and 315 from the vibration signal. In the 

retracting stroke 52 coefficients were extracted from both pressure signals and 252 from the 

vibration signal. In the case of pressure signals in the extending stroke, altogether 130 values form 

one training vector and in the case of vibration signal 315 values. In the retracting stroke these are 

respectively 104 and 252.  

4.3.4 Classification of the state of the system 

Different system states, normal and four fault states, were classified using extracted information 

from the pressure and vibration signals separately in the extending and retracting strokes. On the 

first level, five sequences from the normal situation were used in the training and five sequences 

from each system state in the testing. Four different maps were trained for both extending and 

retracting strokes because two different feature extraction methods and two different measurement 

variables are compared. The number of map units and thresholds which were used with these maps 

are shown in Table 4.  

Table 4: Number of map units and thresholds used with these maps on the first level.  

  Extending Retracting 
  Map units Threshold Map units Threshold 

Pressure and statistics 6 x 2 1.1 6 x 2 1.1 
Pressure and wavelet 6 x 2 3.0 4 x 3 3.0 

Vibration and statistics 4 x 3 0.8 4 x 3 0.93 
Vibration and wavelet 4 x 3 4.9 4 x 3 4.15 
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The quality of the state recognition on the first level in the case of the extending and retracting 

strokes is presented in Table 5 and Table 6. From the results it can be seen that almost all the 

sequences are classified correctly. When the pressure signal is used as an indicator of the system 

state, all the states are correct, but when the vibration signal is used there are few incorrectly 

classified states in both situations. It should be mentioned here that when the pressure signal was 

used, also the margin to the threshold was considerably higher, so the adjustment of the threshold 

was much easier. Also this same phenomenon could be seen when wavelet analysis was used 

instead of descriptive statistics. 

Table 5: Quality of state recognition on the first level in case of extending stroke. N is normal, ND 

is not defined and S1 to S4 are different seal faults. Dark grey areas are classified correctly. 

  Detected state of the system 
  Statistics Wavelet Statistics Wavelet
  Pressure Vibration 

State N ND N ND N ND N ND
N 5 0 5 0 4 1 5 0 
S1 0 5 0 5 1 4 0 5 
S2 0 5 0 5 2 3 1 4 
S3 0 5 0 5 3 2 0 5 
S4 0 5 0 5 0 5 1 4 

Table 6: Quality of state recognition on the first level in case of retracting stroke. N is normal, ND 

is not defined and S1 to S4 are different seal faults. Dark grey areas are correct states. 

Detected state of the system 
  Statistics Wavelet Statistics Wavelet
  Pressure Vibration 

State N ND N ND N ND N ND
N 5 0 5 0 4 1 5 0 
S1 0 5 0 5 1 4 1 4 
S2 0 5 0 5 1 4 0 5 
S3 0 5 0 5 1 4 0 5 
S4 0 5 0 5 1 4 0 5 

 

On the second level five sequences from each system state were used in the training and another 

five from each system state in the testing. The number of map units is shown in Table 7. The sizes 

of the maps are here smaller than usual. The results were better when smaller maps were used. 
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Especially with the vibration signal the size of the map was very crucial. In three of the cases with 

vibration signal a map size of 3 x 3 was changed to size 4 x 3 and the results were somewhat better. 

But the problem was that if it was changed, then some state could be better detected but at the same 

time some other state would be very hard to detect correctly. 

Table 7: Number of map units on the second level. 

  Extending Retracting
Pressure and statistics 5 x 2 5 x 2 
Pressure and wavelet 5 x 2 3 x 3 

Vibration and statistics 4 x 3 4 x 3 
Vibration and wavelet 4 x 3 3 x 3 

 

Table 8 and Table 9 present the classification results on the second level. The most obvious result is 

that the pressure signal gives much better classification results than the vibration signal. There are 

some deviations between feature extraction methods when the vibration signal was used, but overall 

the results in this case were quite poor. Here, the measurement variable is more meaningful than the 

feature extraction method. Still, it can be noticed that a normal situation is detected quite well, as 

could be seen also from the results on the first level. 

  Table 8: Quality of state recognition on the second level in case of extending stroke. N is normal, 

ND is not defined and S1 to S4 are different seal faults. Dark grey areas are correct states. 

  Identified state of the system 
  Statistics Wavelet Statistics Wavelet 
  Pressure Vibration 

State N S1 S2 S3 S4 ND N S1 S2 S3 S4 ND N S1 S2 S3 S4 ND N S1 S2 S3 S4 ND
N 5 0 0 0 0 0 5 0 0 0 0 0 5 0 0 0 0 0 4 0 1 0 0 0 
S1 0 5 0 0 0 0 0 5 0 0 0 0 0 3 0 0 2 0 3 2 0 0 0 0 
S2 0 0 5 0 0 0 0 0 5 0 0 0 0 2 2 1 0 0 2 0 0 3 0 0 
S3 0 0 0 5 0 0 0 0 0 5 0 0 3 0 0 1 0 1 2 0 1 2 0 0 
S4 0 0 0 0 5 0 0 0 0 0 5 0 0 3 0 0 2 0 0 0 0 5 0 0 

 

 

 



77 

 

Table 9: Quality of state recognition on the second level in case of retracting stroke. N is normal, 

ND is not defined and S1 to S4 are different seal faults. Dark grey areas are correct states. 

  Identified state of the system 
  Statistics Wavelet Statistics Wavelet 
  Pressure Vibration 

State N S1 S2 S3 S4 ND N S1 S2 S3 S4 ND N S1 S2 S3 S4 ND N S1 S2 S3 S4 ND
N 5 0 0 0 0 0 5 0 0 0 0 0 4 0 0 0 0 1 3 1 0 0 0 1 
S1 0 5 0 0 0 0 0 5 0 0 0 0 0 1 0 2 0 2 2 2 0 0 0 1 
S2 0 0 5 0 0 0 0 0 5 0 0 0 0 2 2 1 0 0 2 0 0 2 0 1 
S3 0 0 0 5 0 0 0 0 0 5 0 0 0 1 1 2 0 1 3 0 1 0 1 0 
S4 0 0 0 0 5 0 0 0 0 0 5 0 0 1 2 0 0 2 0 0 0 1 3 1 

 

Figure 30  shows the distribution of neurons according to the state of the system on the second level 

in the case of the extending stroke. Here, only the maps on the second level are shown. When 

pressure is used, the normal state is more separated from the fault states on the map level than in 

maps where vibration is used. In the case of vibration signal the normal state is next to the fault 

state. That is why the normal situation is better detected correctly when a pressure signal is used. 

This same phenomenon can also be seen in Figure 31, in case of the retracting stroke. It can also be 

noticed that seal faults 1 and 4, and 2 and 3 are often in the same regions.   

 

SVMs have also been tested to improve the results on the second level when the vibration signal has 

been used in data analysis. Little improvement was obtained in some cases, but the vibration signal 

does not include information here which could be used to separate different fault situations from 

each other. 
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 a)  b)  c)  d)  

Figure 30:  Distribution of neurons according to the state of the system on the second level in case 

of extending stroke: a) pressure and statistics, b) pressure and wavelet, c) vibration and statistics, d) 

vibration and wavelet. 

  

 a)  b)  c)  d)  

Figure 31:  Distribution of neurons according to the state of the system on the second level in case 

of retracting stroke: a) pressure and statistics, b) pressure and wavelet, c) vibration and statistics, d) 

vibration and wavelet. 

4.3.5 Discussion 

The seal faults of water hydraulic valve were studied using SOMs to classify extracted statistical 

values or wavelet coefficients of the pressure and vibration signals. All the states were detected 

correctly on both levels when the pressure signal was used in data analysis. In the case of vibration 

signal the quality of the state recognition was good on the first level, but on the second level, when 

different fault states need to be separated, the quality was quite poor. Even when small changes 

were made to the size of the map, to improve the quality of the state recognition, the improvement 

was still marginal. The results shown here differ from the ones that are shown previously in 
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[Krogerus 2008b], where more statistical values were used and size of the maps has been changed 

in some cases. 

 

The pressure signal seems to be better than vibration signal based on the results, and should be used 

instead of vibration. However, a hybrid solution could be better when the fault level is very small 

and vibration signal together with pressure signal could give an indication of an emerging fault 

situation. One trend in sensor research is multi-sensors that measure several different variables and 

form the output in relation to these variables [Krallman 2005]. In this study the vibration signal was 

measured only from one direction. Combining this with two other axial-directions could also give 

better results. 

 

From the pressure measurements it could be seen that the biggest differences were especially in the 

beginning and at the end of the sequence. This implies that only the beginning and/or end of the 

measurements could be used in data analysis when the dimension of the data could be reduced and 

the result of the classification still improved. This approach has been used in Chapter 5. 

4.4 Discussion 

In this chapter the studied data analysis methods were applied to three different test systems. The 

main goal is that by applying data analysis methods to measured raw data from these systems it is 

possible to detect and identify different fault situations, their locations and levels. For example, 

different leakage levels were successfully identified. This kind of information can be used to 

analyze the severity of the fault and a prognosis can be given as to how fast the level of this fault 

situation is increasing. 

 

One major challenge in this kind of study is the lack of data from actual fault situations. In this 

study, artificial faults have been used for testing the applied data analysis methods. No specific 

stand has been taken between real faults and artificial faults. For example, the leakage path here in 

cylinder leakage, which was created using a throttle, is different than in real cylinder leakage, where 

the leakage goes through the cylinder barrel and seals of the piston. This also affects the pressures 

used in data analysis, but this error is not studied here. Other possibilities are to use old 

worn/damaged components or simulation models. Here, the problem is a lack of old worn/damaged 

components, and maybe more importantly, specific knowledge about their use, which makes it very 

hard to compare the same type of components which have been in different use. With simulation 
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models the problem is the limited accuracy of the model and also the modeled faults versus amount 

of work. Of course, in real systems there are also situations where new earlier unknown faults 

emerge, but these can be separated from normal situations using quantization error method on the 

first level.   

 

Forming the training and testing vector is one of the important parts of data analysis. It should be 

determined which information is needed for use in data analysis, and that it is also possible to 

measure this information in a real system. In general, it would be desirable that any analysis 

function could be performed during normal operation and without a specific test sequence. This is 

emphasized especially in mobile work machines. In this study data from the following situations 

were used in data analysis:  

 Each measurement event separately (Test system 1) 

 Sequence 

- Reciprocal motion of the cylinder (Test system 2) 

- Extending and retracting motion separately (Test system 3) 

 Part of the sequence (Forklift) 

 

In data analysis, selecting the number of map units of the SOM is a sensitive parameter because 

when it improves some classification result, it can also make other cases worse. This could be 

prevented by using multiple networks instead of only one. And, for example, in test system 3 

smaller map sizes than usual on the second level gave better results. On the first level a threshold 

needs to be chosen, and in this study this was done manually based on the results. Optimization of 

this parameter, preferably automatically, is left outside the scope of this work. 

 

The effect of different operating and loading conditions is an important area when these kinds of 

analysis methods are applied, especially on work machines. In laboratory installations studied in 

this chapter the conditions are often quite stable, but in an actual work machine these are constantly 

changing, which sets special demands for the robustness and generalization capability of the 

analysis methods. The data analysis process of work hydraulics of work machines and the 

sensitivity of data analysis methods are studied in the following chapters. 
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5 TESTING OF DATA ANALYSIS PROCESS IN HYDRAULIC 

FORKLIFT 

After testing the studied data analysis methods in laboratory systems, these are also tested in an 

actual work machine. A forklift, reach stacker [Anon 1999], was used as a research platform where 

the oil hydraulic components from the work hydraulics of the forklift have been replaced with water 

hydraulic ones [Krogerus 2008a; Saarinen 2007]. The driving transmission of the forklift is electric. 

The test platform is shown in Figure 32.  

 

Figure 32: Used research platform (forklift). Numbered items in picture: (1) control valves, (2) 

lifting cylinder, (3) control and measurement system (new), (4) control joysticks. 

Here the main focus in data analysis is in lifting movement. The water hydraulic components are 

not designed for this kind of mobile machine, which sets special requirements for the condition 

monitoring of such a system. The role of condition monitoring in general is emphasized with water 

hydraulic components and systems because of problems caused by the pressure medium. One 

difficulty with water hydraulic components is the wear and corrosion of the components if the water 

in the system is not clean, and the sticking of the valves and other components. There are only a few 
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earlier studies where the possibilities of using water hydraulics in mobile machines have been 

studied [Cassens 2003; Garciá 2007; Gawlik 2006; Tessel 2000]. The research field is important 

because by using water as a pressure medium in hydraulics many benefits can be achieved with 

relation to oil hydraulics. These are, for example, cost of pressure medium, availability and 

recyclability [Krutz 2004]. 

5.1 Structure of the system and monitored components 

The operation of the studied data analysis methods is tested in the forklift with self-inflicted fault 

situations. Internal leakage of the lifting cylinder, which was studied in test systems 2 and 3, is now 

studied to demonstrate the operation of the data analysis method in an actual work machine, which 

is a more challenging environment. 

 

The leakage between the annulus and piston sides of the cylinder was created here by opening a 

bleed valve between the actuator ports. The leakage levels used in this study were determined by 

the maximum leakage value of the driven sequence. These levels were adjusted approximately to 

0.5/1.0/2.0 l/min to both directions using a flow meter. Besides the internal leakage of the lifting 

cylinder, valve delays were also used to simulate the impaired dynamics of the valves, which can be 

caused by, for example, sticking of the valves. It should still be mentioned that these delays do not 

inclusively describe the phenomenon of the valve sticking. Programmable valve delays of 100 ms, 

200 ms and 300 ms were used. 

 

Pressure sensors were used to measure the pressure, in normal and different fault situations, from 

the actuator ports A and B during the extending and retracting strokes of the cylinder. The hydraulic 

circuit of the forklift and location of the pressure sensors are shown in Figure 33. Other sensors 

shown in Figure 33 were not used here for data analysis.  
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Figure 33: Hydraulic circuit of work hydraulics of forklift. 

An axial displacement pump with maximum delivery of 34 l/min (1500 rpm) was used in the 

system and the size of the double-acting lifting cylinder was 63/40-1000. The studied water 

hydraulic cylinder was similar to that used in test system 2, but a bigger size. In the lifting 
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movement a 4/3-on/off valve was used to choose the direction of the movement and a flow control 

valve was used to control the velocity of the lifting movement. A pilot operated check valve was 

used to hold the load in place when the lifting movement is not operated because the 4/3-on/off 

valve has an open center position and the flow control valve is not leak-proof. The supply pressure 

in these tests was 90 bar. No additional load was used in testing, but the weight of the forks was 101 

kg, and the sledge, which slides between the masts, was 93.5 kg. The effect of different load 

situations is studied in Chapter 6 with the aid of a simulation model. More detailed information 

about the forklift is given in [Krogerus 2008a]. The lifting movement is actuated by an operator, 

who controls the work movements with potentiometer joysticks. An example of cylinder position 

and control signal from extending and retracting strokes in normal situation is shown in Figure 34. 

The control system used to control the valves has been replaced with a new one and the same 

system was also used for the measurements [Anon 2007b]. 

 

Figure 34: Example of cylinder position and control signal from extending and retracting strokes in 

normal situation. 

5.2 Measured data for analysis 

In the forklift, the variables that were used in the data analysis were pressures A and B from the 

actuator ports. Data were taken from the beginning of the sequence and after the control signal of 

the lifting movement has been cut off. One training vector includes the values of the extracted 

features of pressure A and pressure B. Each time when the sequence is taken into training or testing 

it is first decided whether the sequence is accepted for data analysis using defined limit values for 

control signal. The forklift was operated in normal and two fault situations in the extending and 

retracting strokes. 
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There were seven different system states to measure, namely the normal state, three cylinder 

leakage levels and three valve delay levels. The same sequence was measured 20 times in each case. 

One half was used in training and the other half in testing. The measurement frequency is 100 Hz.  

 

In the choice of data to be analyzed a noteworthy point is the appearance of the effects of different 

faults at different stages of the driving sequences in the measurement data. On the basis of earlier 

research results it has been noticed that the biggest effects of different fault situations are at the 

transient stages of the system in which the changes in the pressure and volume flows are at their 

highest. After the transient stage, the effect of fault situations on the measurement results disappears 

or at least decreases significantly. Thus, an attempt was made to reduce the amount of data to be 

analyzed by directing the analysis only to that part of the measurement data in which the deviations 

can be detected to be the clearest. Therefore, 50 measurement points from the beginning of the 

sequence and 50 points after the control signal of the lifting movement has been cut off were taken 

into data analysis. Selecting the training and testing data from the sequence measurements is 

illustrated in Figure 35. In Figure 36 the pressure signals are composed of 50 points of the 

beginning of pressure A, 50 points of pressure A after the control signal of the lifting movement has 

been cut off, 50 points of the beginning of pressure B, and 50 points of pressure B after the control 

signal of the lifting movement has been cut off.  

 

Figure 35: Selecting training and testing data from sequence measurements. 
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Figure 36: Examples of measured pressures A and B in normal and fault situations. Fault 1 is 

internal leakage of cylinder and fault 2 is valve delay. N is normal, L1 to L3 are different leakage 

levels and D1 to D3 are different delay levels.  

Figure 36 shows examples of the pressure measurements in normal and fault situations. Here, all the 

measurements are shown that were used in training. As can be seen from the figure, there is a lot of 

overlap in the measurements between different states. There are different reasons for this, but the 

biggest is that there were variations in the rotation speed of the pump between different instances of 

use and this caused a lot of variations between different measurement times. In this development 

version of the research platform the rotation speed of the pump is not measured so that it could be 

used in the data analysis, and the magnitude of the variations was not discovered until the final 

stage of the research. Otherwise it could be instrumented and used also in the data analysis, and the 

effect of variations could be eliminated. Also the mechanical structure of the lift, especially the 

sledge between the masts, has an influence on the measurement results, mainly because of changing 
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friction situations, which also apply to water hydraulic cylinders. Besides all these, the frequency 

converters of the forklift cause intensive interference on the measurements. Taking everything into 

consideration, the data analysis of this kind of system is much more challenging than the test 

systems shown in the earlier section. 

5.2.1 Sequence recognition 

At the training stage of the neural network it is usually easy to make predetermined work 

movements and to direct the data analysis and teaching measures only to data which is collected in 

this way. However, after the training stage the work machine will be run in the sequences 

determined by its operating situations, in which case the measurement data are obtained from 

previously undefined driving situations. It should be possible to separate situations which appear 

occasionally and correspond to the training data, in other words certain driving sequences that have 

been defined in advance. The definition and identification of driving sequences are important 

because the system, and the measurement data which is obtained from it, behave naturally in a quite 

different way in different driving situations, and especially when it is a question of separate 

operators. It is proposed that the individual sequences which are suitable for use in data analysis can 

be separated from the practical driving situations on the basis of the velocity and direction 

information contained by the control signals. Data acceptable to the data analysis can be filtered 

from other data by setting certain limit values for the rise, decay and duration times, and the 

magnitude of the control signal. Also a certain range is defined for change in the control signal after 

it reaches the maximum value. This way it is ensured that the data which is used in the analysis is 

from a driving sequence which corresponds to the training situation with certain accuracy. In this 

study continuous extending and retracting strokes were chosen as sequences and parts of them are 

finally used in the data analysis. The idea of the limit values of sequence recognition is shown in 

Figure 37. In the algorithm level the sequence recognition has been implemented according to 

Figure 38. In the beginning of the analysis it is checked as to whether there are data for the analysis. 

After this the next sequence is searched for from the measurement data, and if the sequence is 

acceptable according the predefined limits, then the chosen parts of this sequence are analyzed. 

Data are retrieved to analysis from the database where the data are recorded during the test drives 

and the analysis is made right after a sequence is driven. 
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Figure 37: Idea of limit values of control signal in sequence recognition. 

 

Figure 38: Simplified structure of sequence recognition in algorithm level. 
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Table 10 shows the chosen values for the rise, decay and duration times, and the magnitude and 

range of the control signal. The limit values were chosen on the basis of the test drives, where 

several sequences were recorded and examined to find as tight values as possible for the behavior of 

the control signal so that it will be possible to perform the controls in question manually through the 

joysticks. In these test drives the controller joystick was quickly turned to its extreme position. This 

causes the rejection of several sequences in real applications, but most valuable information is 

achieved from these kinds of sequences. 

Table 10: Chosen limit values of control signal in sequence recognition. 

  Rise time Decay time Duration Magnitude Range 
Extending stroke 200 ms 200 ms 1000 ms 100 % 10 % 
Retracting stroke 200 ms 200 ms 1000 ms 100 % 10 % 

 

5.3 Feature extraction and selection of the measurement data 

Based on the results of the test systems, wavelet analysis was chosen as feature extraction method 

to be used in the research platform. In wavelet analysis, level 5 DWT were used in extracting 

approximation coefficients in the case of the pressure signal. In the extending and retracting strokes 

nine coefficients were extracted from the merged signals of pressure A and B, altogether 200 points, 

so nine values form one training vector. 

5.4 Classification of the state of the system 

Different system states, normal and six fault states, were classified using extracted information from 

the pressure signals separately in the extending and retracting strokes. On the first level, 10 

sequences from the normal situation were used in the training and 10 sequences from each system 

state in the testing. It should also be noticed here that 10 sequences were used in the testing in each 

case, but not all of them passed the sequence recognition phase. This was because of too high rise or 

decay times, when there are less than 10 sequences in the actual data analysis. 

 

On the first level two different maps were trained. One was for extending strokes and the other for 

retracting strokes. The number of map units in both maps is 5 x 3. The thresholds in testing are 0.7 

and 0.84. Table 11 presents the quality of the state recognition on the first level in the case of the 

extending and retracting strokes. From the results it can be seen in general that normal state and 
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high fault levels are detected quite well. Most of the smaller levels of faults are classified as normal 

states because the difference between small fault levels and normal state is so small. Exceptions are 

the sequences of leakage level 1 in the extending stroke, of which almost all are detected correctly.  

Table 11: Quality of state recognition on the first level in case of extending and retracting strokes. N 

is normal, ND is not defined, L1 to L3 are different leakage levels of cylinder and D1 to D3 are 

different delay levels of valve. Dark grey areas are classified correctly. 

Detected state of the system
Extending Retracting 

State N ND N ND 
N 8 1 7 3 

C
yl

in
de

r L1 2 8 8 2 
L2 0 9 5 5 
L3 0 9 1 9 

V
al

ve
 D1 7 3 4 6 

D2 4 6 0 10 
D3 0 10 0 10 

 

The threshold for extending and retracting strokes is a sensitive parameter because small fault levels 

are so close to normal state that the threshold had to be defined so that smaller fault levels would be 

detected as normal states. Also deviations in the measurements are a partial cause of this matter. It 

was noticed during testing that when the level of the fault goes higher, the distance increases, which 

clearly shows the increase in fault level. Figure 39 shows the distance between the BMUs and the 

input vectors for the extending and retracting strokes. From Figure 39 the increase in fault level and 

deviations between different sequences can be seen. 

 

The second level was divided into two parts. The faults were first identified, and after that their 

levels. The sequences which minimum distance was bigger than the threshold value on the first 

level are classified on the second level as different faults and furthermore different fault levels. On 

the second level 10 sequences from each system state besides the normal state were used in the 

training.  
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 Figure 39: BMU distances from extending and retracting strokes. Thresholds are in extending 

stroke 0.7 and in retracting stroke 0.84. Sequences are in order normal, levels 1, 2 and 3 of fault 1, 

and levels 1, 2 and 3 of fault 2. See Table 11. 

 

In the first part on the second level, the number of map units in the extending strokes is 8 x 5, and in 

the retracting stroke 11 x 4. Table 12 presents the classification results of the specific fault 

situations. The faults were detected quite well. Normal state has also been shown here because 

some of the sequences from normal state were classified as not defined on the first level. Table 12 

shows which sequences classified other than normal states on the first level were identified here as 

fault states. 

Table 12: Quality of state recognition on the first part of the second level in case of extending and 

retracting stroke. N is normal, ND is not defined, L1 to L3 are different leakage levels of cylinder 

and D1 to D3 are different delay levels of valve. Dark grey areas are correct states. 

Identified state of the system 
Extending Retracting 

State N L D ND N L D ND
N 8 0 1 0 7 0 2 1 
L1 2 8 0 0 8 2 0 0 
L2 0 9 0 0 5 3 0 2 
L3 0 8 0 1 1 8 0 1 
D1 7 0 3 0 4 0 6 0 
D2 4 0 6 0 0 0 7 3 
D3 0 0 9 1 0 0 6 4 
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On the second part on the second level, four different maps were used because there were two 

different faults. The number of map units in the extending strokes is 5 x 2 and in the retracting 

stroke 3 x 3. The sizes of the maps in relation to the amount of training data are smaller here than on 

the first level and on the first part of the second level which defines the fault. Better results were 

obtained with these smaller maps. 

 

Table 13 presents the classification results of the levels of the fault situations. The levels of the 

faults are not recognized as well as the specific faults which could be predicted from the 

overlapping of the fault levels in the measurements. The biggest problems are with the low levels of 

cylinder leakage in the retracting stroke. In general, higher fault levels are better detected correctly, 

but there are also some exceptions such as level 1 of cylinder leakage in the extending stroke, which 

is better detected as levels 2 and 3. 

Table 13: Quality of state recognition on the second part of the second level in case of extending 

and retracting strokes. N is normal, L1 to L3 are different leakage levels of cylinder and D1 to D3 

are different delay levels of valve. NDF is not a defined fault and NDFL is not a defined fault level.  

Dark grey areas are correct states. Light grey areas are correct faults but level is wrong. 

Identified state of the system 
Extending Retracting 

State N L1 L2 L3 D1 D2 D3 NDF NDFL N L1 L2 L3 D1 D2 D3 NDF NDFL
N 8 0 0 0 1 0 0 0 0 7 0 0 0 2 0 0 1 0 

C
yl

in
de

r L1 2 7 0 1 0 0 0 0 0 8 0 0 0 0 0 0 0 2 
L2 0 3 2 4 0 0 0 0 0 5 0 0 3 0 0 0 2 0 
L3 0 2 0 6 0 0 0 1 0 1 0 1 7 0 0 0 1 0 

V
al

ve
 D1 7 0 0 0 3 0 0 0 0 4 0 0 0 5 1 0 0 0 

D2 4 0 0 0 1 2 3 0 0 0 0 0 0 4 3 0 3 0 
D3 0 0 0 0 1 1 6 1 1 0 0 0 0 0 0 6 4 0 

 

Figure 40 shows the distribution of neurons according to the state. On the second part of the second 

level in the retracting stroke, in the map which describes the levels of fault 1, none of the neurons 

are labeled as fault level 1. This is because level 1 and level 2 are so similar that hits during training 

are in the same neuron and the neurons are labeled according to the highest number of hits per state. 

A bigger map could be used, but when it was tested the quality of the state recognition with bigger 

levels of faults was lower. Due to this, level 1 is always classified as a higher level. Quite a lot of 
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dispersion can be noticed from the maps, especially in the fault level maps. Also, on the first part of 

the second level fault 2 is located in three different parts. 

 

 a)  b)  c)  d) 

 

 e)  f)  g)  h) 

Figure 40:  Distribution of neurons according to the state of the system: a) extending: first level, b) 

extending: first part of the second level, c) extending: second part of the second level (fault 1), d) 

extending: second part of the second level (fault 2), e) retracting: first level, f) retracting: first part 

of the second level, g) retracting: second part of the second level (fault 1), h) retracting: second part 

of the second level (fault 2). 
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5.5 Discussion 

After testing the studied data analysis methods in laboratory systems, these were also tested in an 

actual work machine. A forklift was used as a research platform to test the studied data analysis 

methods since it was doubt that this kind of environment would be more challenging in regard to 

the performance of the data analysis. This estimation was found to be true especially in the state 

recognition concerning the specific faults and their levels, but it cannot be generalized to all 

machine systems due to the special characteristics of the machine. The result of the analysis on the 

first level was good, which means that deviations from the normal state were detected well. 

However, there were some problems with small levels of faults. In practical applications this would 

mean that a fault can be reliably detected after it exceeds a certain level, which needs to be 

determined for each case. 

 

The results obtained here regarding internal cylinder leakage are not as good as with test system 2, 

but this is mainly because of a bigger cylinder. In addition, the results were affected by variation in 

the rotation speed of the pump between different instances of use, changing the friction behavior of 

the mast structure and interferences in measurements. However, it needs to be mentioned that the 

overall results regarding retracting strokes were substantially lower than in extending strokes. No 

specific reason for this, in addition to what is listed above, was found. The results also show that the 

dynamics of valves can also be monitored using this kind of system. However, if smaller delays 

need to be detected then the responses of the spool, etc. need to be monitored. To raise the level of 

the results, better measurements would still be needed but the overall performance of the data 

analysis methods proved to be good.     

 

The first level in the classification process using SOMs is the most important in the actual system. 

After that comes the first part of the second level, where a specific fault is identified. Finally, there 

is the second part of the second level, which defines the level of the fault.  The rate of change in the 

fault level tells how fast the level of the fault is increasing and how long the system can still be 

used.  
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There are different ways to influence to the final quality of the state recognition. In this study the 

main effort was in the following areas, which were tested and manually optimized: 

 Number of points taken from the beginning of the sequence and after the control signal has 

been cut off 

 Size of the SOM maps 

 Threshold value on the first level of the SOM 

 Wavelet transform level 

 

Sequence recognition based on limit values of the control signal was proposed here to select 

appropriate sequences to be used in data analysis, which would be comparable to the ones that have 

been used in the training phase. This kind of approach was proved suitable for use with work 

machines where the working cycles change frequently, unlike in some industrial systems. As an 

alternative to this kind of approach, test sequences could be specified and driven, for example, in 

the beginning of the working day when the machine is started. This way the initial state of machine 

could be identified, and after the working day the same thing. In that case, the productivity of the 

machines would not decrease because of the monitoring. During work tasks these kinds of 

interruptions are not desirable. Also different repetitive work scenarios, other than presented in this 

study, can be specified for different machines. 
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6 SENSITIVITY ANALYSIS OF DATA ANALYSIS PROCESS  

The output of the data analysis process defines the state of the system. The analysis is based on the 

measured variables from these systems. These variables are measured in various operating 

conditions, meaning here, for example, at a certain temperature and under a certain load. It is often 

desirable to know the behavior of a system in different operating and loading conditions. Changes 

of operating conditions are common in hydraulic systems. In addition, the loading conditions 

change frequently, for example in mobile machine systems. Changing the loading conditions 

changes the pressure levels of a measured sequence, which affects the result of the analysis when it 

is based on the pressure information of a sequence. The generalization capability of the data 

analysis process is important if only some of the operating conditions and/or loading conditions are 

used in the training phase. For example, in the case of a fault situation, levels that are between the 

trained ones should be detected as the closest fault level.  

6.1 Simulation model of the lifting movement of the forklift 

A simulation model of the lifting movement of the forklift, based on physics equations, was made 

so that the sensitivity of the data analysis process can be studied. Wavelet analysis was used in the 

feature extraction and the SOM in the classification, as in the previous chapter. In the previous 

chapter the forklift was studied, and it was noticed that there were changes between different 

instances of use. A verified simulation model is very useful for sensitivity analysis because it is 

stable between different instances of use and the repeatability of the tests is good. The simulation 

model was verified with measurements from the forklift of two different loading conditions. 

Laminar leakage was added to the model to simulate the internal leakage of the cylinder. White 

noise was added to the variables, generated with the simulation model and used in data analysis. 

The structure of the simulation model and the verification measurements are shown in Appendix C. 

6.2 Simulated data used in the sensitivity analysis 

The simulation model was used to acquire data that is then used in the sensitivity analysis. A 

specified control sequence was used that is similar to the sequences shown in the previous chapter. 

The control signal of the driven sequence and the position of the cylinder, when there is no added 

load and no leakage, are shown in Figure 41. 
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Figure 41: Example of cylinder position and control signal from extending and retracting strokes in 

normal situation.  

The variables used in the data analysis were pressures A and B from the actuator ports. Data were 

taken from the beginning of the sequence and after the control signal of the lifting movement has 

been cut off. One training vector includes the values of the extracted features of pressures A and B.  

 

The simulation model was driven to obtain 10 sequences for training and 10 sequences for testing 

from each state that were used in training and testing. Table 14 shows the levels of fault and load 

which are used to study the effect of fault level change and different loading conditions. When the 

effect of the changes in the fault level was studied, data from the normal situation was used in 

training on the first level. The fault levels that were used in training or testing are marked with X in 

the table. 

 

The measurement frequency with the pressure measurements was 100 Hz. 50 measurement points 

from the beginning and 50 points after the control signal has been cut off were taken into the data 

analysis. Figure 42 shows examples of the pressure signals in the case of simulated leakages and 

Figure 43 in the case of different loading conditions. Pressure signals are composed of 50 points of 

the beginning of pressure A, 50 points of pressure A after the control signal of the lifting movement 

has been cut off, 50 points of the beginning of pressure B and 50 points of pressure B after the 

control signal of the lifting movement has been cut off.  
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Table 14: Levels of fault and loading conditions, and their use in data analysis process.  

Level Fault type and magnitude
Training Testing

Load 
Training Testing

1st 2nd 1st 2nd 1st 1st 
1 Leakage 0.50 l/min - X X X 0 kg X X 
2 Leakage 0.75 l/min - - X X 250 kg - X 
3 Leakage 1.00 l/min - X X X 500 kg X X 
4 Leakage 1.50 l/min - - X X 750 kg - X 
5 Leakage 2.00 l/min - X X X 1000 kg X X 

 

Figure 42: Examples of measured pressures A and B in normal and different fault levels. N is 

normal and L1 to L5 are different fault levels. 

  

Figure 43: Examples of measured pressures A and B in different loading conditions.  

Before classification, level 2 DWT was used in extracting approximation coefficients in the case of 

the pressure signal. The extending and retracting strokes were processed separately. The parts of the 
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pressure signals A and B were first merged, resulting in a signal of 200 points. Then 52 coefficients 

were extracted from the merged signal. Therefore, a training vector consists of 52 values. Wavelet 

level is lower here than in the previous cases, mainly because in this way the levels which were not 

used in training could be better detected as the closest possible level. 

6.3 Classification results of the sensitivity analysis 

Two different cases were studied. In the first one, leakage levels L1, L3 and L5 are used in the 

training and levels L1 to L5 are used in the testing.  The levels were determined by the maximum 

leakage during the driven sequence and were the following: 0.5, 0.75, 1.0, 1.5 and 2.0 l/min. Levels 

L2 and L4 were studied in terms of how well they are classified as a normal or fault state on the 

first level of the SOM and how well they were classified as the closest possible fault level on the 

second level of the SOM. In the second one, loading levels, 0 kg, 500 kg and 1000 kg, were used in 

the training and in the testing it was studied whether untrained levels, 250 kg and 750 kg, are 

classified as normal states on the first level of the SOM. It was also tested whether the distance 

between the BMU and the vectors from different normal loading conditions were smaller than the 

distance between the BMU and the vectors from fault situations.  

6.3.1 Effect of changes in fault level 

On the first level, two different maps were trained. One was for extending strokes and the other one 

for retracting strokes. The number of map units on the first level is 4 x 4 in both maps. Figure 44 

shows the distance between the BMUs and the testing vectors. In the extending stroke the threshold 

was set to 1.9 so that all the normal state sequences were classified correctly. This, however, results 

in few sequences of the smallest fault level being classified as normal. The distance clearly 

increases when the level gets higher. In the retracting stroke the difference between the normal and 

fault situation was clear. However, the differences between the fault levels were very small. Table 

15 shows the quality of the state recognition on the first level. According to the results of this study, 

94 % of the sequences are classified correctly in the extending stroke if the threshold is set to 1.9. 

Respectively, in the retracting stroke 100 % of the sequences are correct if the threshold is set to 

2.5. 
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 Figure 44:  BMU distances from extending and retracting strokes. Thresholds are 1.9 in extending 

stroke and 2.5 in retracting stroke. Sequences are in order normal, fault levels 1, 2, 3, 4 and 5. See 

Table 15. 

Table 15: Quality of state recognition on the first level in case of extending and retracting strokes. N 

is normal, ND is not defined and L1 to L5 are different leakage levels of cylinder. Dark grey areas 

are classified correctly. 

Detected state of the system
Extending Retracting 

State N ND N ND 
N 10 0 10 0 
L1 3 7 0 10 
L2 0 10 0 10 
L3 0 10 0 10 
L4 0 10 0 10 
L5 0 10 0 10 

 

On the second level, the number of map units in extending stroke is 2 x 5 and in retracting stroke    

3 x 3. Table 16 shows the results of the quality of the state recognition on the second level. The 

levels that are not used in training are better classified, as the closest fault level, in the extending 

stroke. In the retracting stroke about half of the sequences that are not used in training are correctly 

classified and half of those are classified as a not defined fault level. According to the results of this 

study, 90 % of the sequences in the extending strokes are classified correctly with fault levels that 

are used in training and 90 % of the sequences are classified as the closest fault level with fault 

levels that are not used in training. Respectively, in the retracting stroke 100 % of the sequences are 
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correct in the case of the fault levels that are used in training and 55 % of the sequences are 

classified as the closest fault level in the case of fault levels that are not used in training.    

Table 16: Quality of state recognition on the second level in case of extending and retracting 

strokes. N is normal, L1 to L5 are different leakage levels of cylinder and NDFL is not defined fault 

level. Dark grey areas are correct states. Light grey areas are closest correct states. 

Identified state of the system  
Extending Retracting 

State L1 L3 L5 NDFL L1 L3 L5 NDFL 
L1 7 3 0 0 10 0 0 0 
L2 5 5 0 0 2 3 0 5 
L3 0 10 0 0 0 10 0 0 
L4 0 4 4 2 0 3 3 4 
L5 0 0 10 0 0 0 10 0 

 

Figure 45 shows the distribution of neurons according to the state. On the second level, it is obvious 

that the levels not used in training are better detected in the extending stroke because the areas, 

especially levels 1 and 3, are adjacent neurons. In the retracting stroke there is not such a situation 

and the classification result is inferior. 

  

 a)  b)  c)  d)

Figure 45:  Distribution of neurons according to the state of the system: a) extending: first level, b) 

extending: second level, c) retracting: first level, d) retracting: second level. 

6.3.2 Effect of changes in loading conditions 

Besides the levels that were used in training, two other loading conditions are used in testing. The 

number of map units is 3 x 10 in extending and retracting strokes. BMU distances on the first level 

were calculated to prove that the normal state is classified correctly even in untrained loading 
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conditions. Figure 46 shows the distance between the BMUs and the testing vectors. When 250kg 

and 750 kg are used in testing, the distance is higher in both cases. In the extending stroke the 

change is still far smaller than in the retracting stroke, where the difference can be clearly seen. If 

Figure 46 is compared to Figure 47, where different fault levels were tested with the maps of 

loading conditions on the first level, it can be seen that some of the lower levels of the fault can be 

confused with the normal situation of untrained loading conditions. Overall, the distance is higher 

with a fault situation. If the thresholds are set to 1.25 in the extending stroke and to 1.38 in the 

retracting stroke, all different loading conditions are classified as normal states. In this case, 

according to the results of the study, 52 % of the faulty sequences in the extending stroke shown in 

Figure 47 are classified correctly as faults. Respectively, in the retracting stroke 98 % of the 

sequences are classified as faults. It can be noticed that in the extending stroke especially the lower 

levels of fault were hard to distinguish from the normal state. In the retracting stroke the loading 

conditions that were not used in training were close to the smallest fault level, but all the other fault 

levels have a higher distance. 

 

  Figure 46:  BMU distances from extending and retracting strokes. Sequences are in order 0 kg,  

250 kg, 500 kg, 750 kg and 1000 kg. 
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Figure 47:  BMU distances from extending and retracting strokes. Sequences are in order fault 

levels 1, 2, 3, 4 and 5. 

Figure 48 shows the distribution of neurons according to the state on the first level. Neurons form 

three different areas because there were three different loading conditions in the training. In the 

extending stroke there were also two neurons that were separated from the others, which was caused 

by the added noise in the measurements. 

 

 a)  b) 

Figure 48:  Distribution of neurons according to the state of the system on the first level: a) 

extending b) retracting.  
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6.4 Discussion 

A simulation model was used to produce data for analysis purposes. It was noticed from the results 

of the analysis that it is possible to use only a few loading conditions and fault levels in the training 

phase and still maintain the performance of the data analysis process. The loading conditions that 

are not used in training can still be classified as normal state on the first level and still these are not 

mixed with fault states. The fault levels that are not used in training can be classified as the closest 

possible fault levels with good results. These results prove the generalization capability of the used 

data analysis process. 

 

Several sequences were used in the data analysis because the values are scaled before analysis 

according to Eq. 32. If only a few sequences are used and the difference between them is very 

small, it can cause the scaling to become very sensitive. This causes problems in the testing. Also 

the effect of noise comes forth more clearly. 
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7 CONCLUSIONS 

The thesis deals with data analysis methods in data preprocessing and classification, which are then 

used in the condition monitoring of hydraulic systems. In this thesis different test systems in the 

laboratory, a forklift and simulation model have been used as test cases. The motive for using 

several test cases was to research the applicability of these methods in different systems and from 

different points of view to show the strengths and weaknesses of the studied data analysis methods 

in the detection and identification of different states in hydraulic components and systems. 

 

The following main points should be highlighted because of their significance, which emerged 

clearly during the study: 

 Velocity and direction information contained by the control signals were proposed for use in 

sequence recognition during normal operation of the system so that data from acceptable 

sequences can be filtered from other data.  

 Data from the beginning of the sequence and after the control signal of the lifting movement 

has been cut off were proposed for use in data analysis because these parts contain the most 

valuable information. In this study this was done for both directions of the actuator. 

 Feature extraction using descriptive statistics, PCA, and wavelet analysis were successfully 

exploited to extract relevant and discriminating information and thus reduce data 

dimensionality. Also the performance of the data analysis process was improved when 

feature extraction methods were carefully applied. It should still be stressed here that 

important information can also be lost if data dimensionality is reduced too much. 

 It was proposed that on the first level of the SOM the classification should be based on 

distance calculation between the BMUs and input vectors. The second level can also be 

divided into two different parts, in which case the fault types are defined before the fault 

levels. It was proposed that the categorization method can be used to identify specific faults 

and their levels. 

 It is crucial how well the used methods can tolerate changes in the operating and loading 

conditions. In the study of sensitivity of the data analysis process it was shown that the data 

analysis process can detect and identify states that are between those which are used in the 

training phase, and different loading conditions that are not used in training are not mixed 

with fault states. 
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When all these are taken into account, it can be claimed that by using wavelet coefficients or 

descriptive statistics of pressure transients it is possible to detect and identify several fault situations 

and their levels during normal operation of the hydraulic system. The information from the analysis 

can then be used for automated functions that can restrict power and functions, and change system 

parameters based on the analyzed state of the system.  It can also be used, for example, prediction 

of the safe operating time before maintenance. 

 

The usability of the results is one of the most important parts of this kind of study. The studied data 

analysis methods are applied to oil and water hydraulic systems, so the results are applicable to both 

systems. Based on the results of the test systems and the mobile test platform, it can be claimed that 

the results are applicable to different applications, mobile and also industrial applications. However, 

before the analysis methods researched in this thesis will be fully exploited in commercial 

applications there are still challenges to overcome. The most essential include: 

 Data selection for the analysis should be optimized for different applications so that the right 

number of measurement points are taken into analysis. 

 Deeper analysis of different operators and different applications should be made so that the 

limit values of the sequence recognition would be better optimized, or specific test 

sequences need to be determined so that the most valuable information can be used in data 

analysis for each application. 

 In the beginning, the analysis is based on data from the normal situation, but if a specific 

fault and its level need to be identified, data from the faulty conditions is needed. There are 

several ways to acquire or produce this data. A faulty component can be measured or a 

component can first be worn, but the fault type is not accurate after this kind of procedure. 

Data from fault situations can be simulated, but achieving sufficient modeling accuracy of 

the model and faults may prove challenging. New approaches are needed here. 

 Threshold optimization of the SOM needs to be done for different systems separately. 

General threshold values cannot be used. Automation of this process is proposed. 

 Extensive analysis of the changing conditions of mobile machines over a longer time period 

needs to be done so that special attention can be paid to those points in the application level.    

 To integrate information from the process of the machine system (condition monitoring and 

system dynamics data) with individual machines and fleet wide history, operational 

environment, operator and condition monitoring information to be utilized in data analysis. 
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APPENDIX A: SPECIFICATION OF MEASUREMENT AND 

CONTROL INSTRUMENTS 

Instrument Model and specifications System 

Real time measurement and 
control system  

dSpace DS1102 controller board.              
ADC resolution 16 bits/12 bits.  

Test system 2 
and 3 

CANopen I/O-module  Axiomatic MVMIO8. ADC resolution 16 bits. 
Test system 1 
and forklift 

Embedded control and            
I/O-module  

Axiomatic 32 Machine I/O (custom software). 
Resolution 16 bits. 

Forklift 

Measurement device used for 
acceleration measurements  

IMC Cronos PL with ICP plug. 
Resolution 16 bits. 

Test system 3 

Measurement display/signal 
converter used for temperature 
measurements  

Nokeval panelmeter, Type 2021.      
Resolution 0.1 %. Accuracy 0.05 % FS with 
Pt100 (-200..700   ̊C).  

Test system 1 

Acceleration transducer used for 
measuring vibrations of the valve 

IMI Sensors, Type 603C11. Sensitivity (±10 
%) 10.2 mV/(m/s2). Measurement range ±490 
m/s2. Frequency range (±3 dB) 0.5-10000 Hz.  

Test system 3 

Acceleration transducer used for 
measuring vibrations of the valve 

Kistler, Type 8702B50M1. Sensitivity (±5 %) 
100 mV/g. Acceleration range ±50 g. 
Frequency response (±5 %) 0.5-10000 Hz. 

Test system 3 

Flow meter used for measuring 
overall flow 

Kracht gear flow meter, Type VC 5.        
Range   1-250 l/min. Accuracy ± 0.3 %. 

Test system 1 

Flow meter used for measuring 
leakage flow 

Kracht gear flow meter, Type VC 0.04.   
Range 0.02-4 l/min. Accuracy ± 0.3 %. 

Test system 1 

Flow meter display / signal 
converter 

Kracht, Type AS 8. Resolution 0.08 %.  Test system 1 

Flow meter used for measuring 
leakage flow 

Kobold vane flow meter, Type DF-MA.  
Range 0.25-6.00 l/min. Accuracy ± 0.5 % FS. 

Test system 2 
and forklift 

Position transducer used for 
measuring the position of the 
cylinder 

Heidenhain incremental rotary encoder, Type 
ROD 620. Accuracy 2500 pulses/rev. Draw 
wire mechanism. Measurement range             
0-2000 mm. 

Test system 2 
and forklift 

Position transducer used for 
measuring the position of the 
cylinder 

Heidenhain incremental rotary encoder, Type 
ROD 426. Accuracy 2500 pulses/rev.         
Belt drive mechanism. 

Test system 3 

Linear position transducer used 
for measuring the position of the 
spool 

Magnet-Schultz proportional solenoid with 
inductive transducer. Type G RF Y 060 F20 
B61. Sensitivity 0.5 ± 1% V/mm. 
Measurement range ± 4 mm. 

Test system 2, 
3 and forklift 

Pressure transducers used in data 
analysis  

Trafag NA 250.0A, Type 8891.               
Range 0-250 bar. Accuracy ± 0.5 % FS typ.  

Test system 1 
and forklift 

Pressure transducers used in data 
analysis  

Trafag NA 100.0A, Type 8891.               
Range 0-100 bar. Accuracy ± 0.5 % FS typ.  

Test systems 2 
and 3 

Temperature transducer used for 
measuring the oil temperature 

SKS Pt100, Type                             
W-BAJO-6/25-3000/GGD-4-A. 

Test system 1 
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APPENDIX B: USE OF DATA ANALYSIS METHODS 

This appendix contains simplified steps of the applied data analysis methods: PCA, wavelet analysis 

and SOM. Also some examples are presented. 

PCA 

Use of PCA includes the following steps:  

1. Divide each column by its standard deviation because data should be standardized before 

using PCA. 

2. Center data by subtracting off column means. 

3. Calculate covariance matrix. 

4. Calculate eigenvectors and eigenvalues from covariance matrix. 

5. Choose the most significant eigenvectors (highest eigenvalues) and at the same time ignore 

the smallest ones and form new variables. 

 

Figure B1 shows an example, where ܠଵ and ܠଶ are data vectors, and ܝଵ and ܝଶ are eigenvectors of 

the two biggest corresponding eigenvalues of the covariance matrix. The first principal component 

is a single axis in space. When each observation is projected onto that axis, the resulting values 

form a new variable. The second principal component is another axis in space, perpendicular to the 

first. Projecting the observations on this axis generates another new variable. 

 

Figure B1: Schematic illustration of principal components analysis applied to data in two 

dimensions [Bishop 1995]. 
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Wavelet analysis 

Use of discrete wavelet analysis includes the following steps:  

1. Calculate decomposition (high-pass and low-pass) filters associated with the wavelet 

functions. 

2. Pass the data through the filters to separate the high-frequency and low-frequency 

information.  

3. Take one point out of two in each of the two samples in down sampling. The result of this 

operation is approximation and detail coefficients.  

4. Repeat the decomposition process steps 2-3 and use approximation coefficients of previous 

decomposition. 

5. Choose the approximation coefficients of the last decomposition as features. The level of the 

decomposition depends on the case. In this thesis the main criterion has been the result of 

the classification process.  

 

In the DWT the dyadic scheme is used. The scale and step spacing between wavelets is increased by 

a factor of two at each step. Actually, the smallest scale which need to be considered is where the 

wavelet takes up two sample points (Nyquist theorem) which means that the transform takes up the 

same amount of space as the original data (see Table B1). 

Table B1: Example of dyadic scheme which is used in DWT. X is a point where the decomposition 

is performed at that scale. 

Sample points 
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

S
ca

le
 

1 X X X X X X X X X X X X X X X   
2 X   X   X   X   X   X   X   X   
4 X       X       X       X       
8 X               X               
16 X                               

 

Figure B2 presents an example of the multilevel decomposition at levels 1 to 3 and reconstruction 

of the signal using only approximation coefficients at level 3. The original signal of 1000 data 

points is a pure sinusoid with high-frequency noise added to it. The detail coefficients are small and 

consist mainly of a high-frequency noise, while the approximation coefficients contain much less 

noise than does the original signal.   
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a)  b)  c) 

   

d)  e)  f) 

   

g)  h)  i) 

Figure B2: a) original signal, b) approximation coefficients at level 1, c) detail coefficients at level 

1, d) approximation coefficients at level 2, e) detail coefficients at level 2, f) approximation 

coefficients at level 3, g) detail coefficients at level 3, h) reconstructed signal using only 

approximation coefficients from level 3, i) error between original signal and reconstructed signal. 
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SOM 

Use of the batch training algorithm of the SOM includes the following steps:  

1. Normalization of features. 

2. Initialization of the weight vectors ܕ௜ using random values or for example linear 

initialization. 

3. For each map unit ݅, collect a list of all those observation samples ܠሺݐሻ, whose most similar 

model vector belongs to the neighborhood set ௜ܰ of node ݅. 

4. After this, the new weight vectors are calculated and updated. In fact, the updating is done 

by simply replacing the weight vector with a weighted average over the samples, where the 

weighting factors are the neighborhood function values.   

5. Repeat steps 3-4 a few times. 

6. After training, the map units are labeled 

 

Testing/use after training of the SOM includes the following steps: 

1. Quantization error method 

a. Normalization of features. 

b. Calculate the distance of the input vectors from the map units that are labeled as 

normal. If the minimum distance is bigger than the threshold value set beforehand, 

then this sample vector is treated as a new event. 

2. Categorization method 

a. Normalization of features. 

b. Find the BMUs for the input/test vectors and the state of the test vectors is defined 

by the label of the BMUs.  

 

To illustrate the principle of self-organization in SOM networks, an example is provided to show 

how clusters of data are self-organized in a reduced dimension set using competitive learning. 

Figure B3 shows the development of a self-organizing map from initial source space (300 data 

points sampled from the unit square) to a target space. After approximately 1000 iterations, the 

SOM was able to organize the data into a low number of clusters, shown in Figure B3 (a-d). Also 

the situation after 10000 iterations is shown in Figure B3f where the difference to situations after 

1000 iterations is quite small. Here can be seen how first is the tuning of the SOM approximately to 

the same space as the input data and then fine-tuning the map. In this example the sequential 

training algorithm was used. 
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a)  b)  c)  
 

 

   

d)  e)  f)   

Figure B3:  Self-organization of random data: a) original distribution, b) 0 iterations, c) 10 

iterations, d) 100 iterations, e) 1000 iterations and f) 10000 iterations. 
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APPENDIX C: SIMULATION MODEL OF THE LIFTING 

MOVEMENT OF THE FORKLIFT 

The simulation model of the working hydraulics of the forklift is a tool used to describe the 

behavior of the hydraulic system so accurately that a reliable sensitivity analysis could be made. 

The basic structure of the simulation model and the signal connections between the components are 

shown in Figure C1. 

 

Figure C1: Structure of simulation model of lifting movement of forklift. 

The control signal of the pump and valves in the simulation model was taken from the actual tests. 

The hydraulic pump of the system is a fixed displacement pump. The flow rate of the pump is 

generated by the rotational speed of the electric motor multiplied by the theoretical displacement of 

the pump. The losses were taken into account by the function of pressure difference over the pump. 

The dynamics of the pump are defined with the control signal and the measured supply pressure 

signal. The pressure relief valve was simply modeled as a table without the dynamics of the valve. 

The flow through the valve depends on the supply pressure of the system. 

 

The 4/3-directional valve of the system is an on/off-valve. Pressure difference versus flow over 

every direction of the flow was measured in a test rig and those values were used in modeling the 
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orifices. The dynamics of the valve were taken into account by adding a delay and limiting the 

maximum opening speed. The check valves in the Wheatstone bridge, shown in Figure 33, were 

taken into account only as a pressure drop. The flow control valve was modeled as an orifice, which 

opening was controlled with the control signal. The dynamics of the opening and closing situations 

were also modeled. The pilot operated check valve was used to hold the load in place when the 

lifting movement is not operated because the 4/3-on/off valve has an open center position and the 

flow control valve is not leak-proof. The pilot operated check valve was modeled as an orifice, the 

flow area of which was dependent on the pressures. The dynamics of the pilot operated check valve 

were also modeled. 

 

The lifting cylinder was modeled with two volumes, whose pressure and area difference generates 

the force. The cylinder ends were modeled with stiff springs and the friction of the cylinder is 

dynamic. Hoses and tubes were taken into account as volumes which generate the pressure. The 

mechanism of the lifting was modeled with a simple mass model. The mass of the mechanism, 

added mass, effect of the mechanism and the roller friction curve were taken into account to 

generate the force to the lifting cylinder. 

 

The modeling of the components was really challenging because the behavior varied between test 

runs. Especially the behavior of the flow control valve was inconsistent and the variation was quite 

significant with small openings. Also the flow of the pump was slightly different between tests. 

 

Pressure dependent laminar flow was used to model the leakage in the cylinder to study the fault 

level changes in the data analysis process, see Eq. 42. In the rest of the flows a combined laminar 

and turbulent flow model was used [Ellman 1999]. 

ܳ௜ ൌ ஺݌௟௘௔௞ሺܭ െ ஻ሻ  (42)݌

After verification, measurement noise was added to the simulated pressure signals A and B, which 

were used in the data analysis. White noise was used to simulate the measurement noise. In 

practice, physical systems are never disturbed by white noise, although white noise is a useful 

theoretical approximation when the noise disturbance has a correlation time that is very small 

relative to the natural bandwidth of the system. The effect of the white noise was simulated by using 

a random sequence with a correlation time much smaller than the shortest time constant of the 

system. The correlation time was calculated according Eq. 43, where ௠݂௔௫ is the bandwidth of the 

system. The amplitude of the noise was estimated from the measurements. [Anon 2006b] 
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௖ݐ ൌ
1

100
ߨ2

௠݂௔௫
 

 (43)

Verification of the simulation model 

The model was verified with supply pressure, cylinder chamber pressures, pressure between 

directional valve and Wheatstone bridge connection, and position and velocity of the cylinder. The 

parameters of the model were verified with an added load of 500 kg, but the same parameters were 

also used in simulations without the added load. This has been done mainly because of the friction 

behavior of the cylinder, the effect of which can be seen more clearly with higher loads. When the 

system was used without the added load, the overall load was still 400 kg because of the load of the 

forks, sledge and the piston of the cylinder. The simulation results without the added load shows 

that changes in the verified variables are always in the right direction and also the magnitude of the 

changes is close to the real ones. All the same phenomena of the system which came up in the 

measurements could also be found in the simulation model. The verification curves show that the 

behavior of the simulation model of the working hydraulics is quite similar to the real machine. 

Therefore, a reliable sensitivity analysis could be made based on this model. 

 

Figures C2 and C3 present verification measurements and also the simulated responses. In Figure 

C2 there is no added load. In Figure C3 the added load is 500 kg. Figures include the control signal 

of the lifting movement, supply pressure of the system, chamber pressures of the cylinder, position 

of the cylinder and velocity of the cylinder. The control signal is composed of four different 

movements: fast up / slow down / slow up / fast down. In this way the verification data contains 

data from different velocity areas and the simulation model can be verified in different operating 

points. Small differences in slow movements in the position and the velocity can be observed. The 

causes of these are small changes in the velocities (small openings of the flow control valve) in 

slow movements.  
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Figure C2: Control signal, supply pressure, pressure A, pressure B, cylinder position and cylinder 

velocity of lifting movement. There is no added load. 
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 Figure C3: Control signal, supply pressure, pressure A, pressure B, cylinder position and cylinder 

velocity of lifting movement. The added load is 500 kg. 
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