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Abstract 

 

The normal operation of marine diesel engines ensures the scheduled completion and efficiency of a trip. Any failures may result in 

significant economic losses and severe accidents. It is therefore crucial to monitor the engine conditions in a reliable and timely manner 

in order to prevent the malfunctions of the plants. This work describes and evaluates the development and application of an intelligent 

diagnostic technique based on the integration of the empirical mode decomposition (EMD), kernel independent component analysis 

(KICA), Wigner bispectrum and support vector machine (SVM). It is an extension of the previous work on the fault detection for a diesel 

engine using the instantaneous angular speed (IAS). In this study, in order to solve the underdetermined blind source separation (BSS) 

problem the combination of EMD and KICA is firstly presented to estimate IAS signals from a single-channel IAS sensor. The KICA is 

also applied to select distinguished features extracted by Wigner bispectrum. The SVM is then employed for the multi-class recognition 

of the marine diesel engine faults in an intelligent way. Numerical simulations using a 6-cylinder engine model and real IAS data meas-

ured on the ship named “Hangjun 20” are used to evaluate the proposed method. Both the numerical and experimental diagnostic results 

have shown high efficiency of the proposed diagnostic method. Distinct fault features of the IAS signals have been extracted by the 

EMD-KICA and Wigner bispectrum, and the fault detection rate of the SVM is beyond 94.0%. Thus, the proposed method is feasible and 

available for the fault diagnosis of marine diesel engines.   

 
Keywords: Intelligent fault diagnosis; Marine diesel engines; Kernel independent component analysis; Wigner bispectrum; Support vector machine; Instan-

taneous angular speed   
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1. Introduction 

Marine power plant is the heart of a vessel. In the last dec-

ades, diesel engine has become a priori choice in marine ap-

plications, and has been served in more than 99% of large 

commercial vessels as the prime driver in the propulsion sys-

tems [1, 2]. Hence enhancing the reliability and efficiency of 

marine diesel engines has been a major objective for the engi-

neers in designing, manufacturing and operating the vessels 

[2]. Any malfunction, fault or failure of the engines off shore 

may result in significant economic losses and severe accidents 

as well as possible casualty. Therefore, it is imperative to 

monitor the machine condition and assess their health states in 

a timely fashion to prevent breakdowns and ensure the sched-

uled completion and efficiency of trips.  

Up to date various methodologies for condition monitoring 

and fault diagnosis of marine diesel engines have been put 

forward [3]. Popular techniques include oil and wear analysis 

[4], thermodynamic model based method [2], and vibrant 

analysis [5, 6], etc. However, when using oil analysis tech-

niques transducers are required to be installed inside the cylin-

der to obtain the acquired information. In practice, the sensors 

are usually difficult to install and prone to damage. Similar 

problems also exist in some vibration applications. These dis-

advantages may result in a declination of their diagnosis reli-

ability and even misdiagnosis. A thermodynamic model has 

no such drawbacks [2]; however, exact model parameters are 

often difficult to determine. A simplified approach for diesel 

engine condition monitoring is the use of instantaneous angu-

lar speed (IAS) based on the fact that the IAS contains a lot of 

information for diesel engine fault diagnosis [5] and the en-

coder is cheap and easy to install [6, 7]. Hence, since the end 

of the 1980s attention has been paid to the IAS for diesel en-

gine fault diagnosis [8-13]. Earlier studies have shown that the 

applications of Fourier transform (FT) for the IAS signal are 

effective for engine combustion fault detection [8-10]. How-
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ever, for engines with a high number of cylinders and large 

moment of inertia, it is very difficult to detect the engine fault 

using the FT-based approach [6]. Hence, Charles et al. [6, 7] 

presented a novel polar presentation method to detect the die-

sel engine faults and proved that the polar presentation was 

more effective than the fast Fourier transform (FFT). Other 

advanced techniques, such as the short-time Fourier transform 

[14], fuzzy system [15], genetic algorithm [16] and artificial 

neural network [17], etc., can also be found in IAS signal 

analysis. However, majority of the proposed methods have not 

considered that a measured IAS signal in a marine diesel en-

gine is in nature a mixture of various excitations due to the 

high engine inertias, overlapping combustion events and the 

shocks and vibrations of the valve, crankshaft and piston, etc. 

[18]. As a result, the measured IAS signal is severely distorted, 

causing a great difficulty in identifying the patterns of the 

engine directly from the measured IAS signal using the time-

frequency analysis. 

Fortunately, the independent component analysis (ICA) is a 

powerful tool to recover the IAS signal from the original mix-

ture. However, the ICA often suffers from two assumptions in 

practice [19]. One is the linear mixture assumption, and the 

other is the underdetermined BSS problem [20], that is, the 

sensor number is less than the number of sources. Up to date, 

only limited work has been done to address these two issues 

simultaneously in the field of mechanic fault diagnosis. To 

overcome this problem, a combination of empirical mode 

decomposition (EMD) [20] and kernel ICA (KICA) [21] is put 

forward to estimate the IAS source from the single channel 

observation. Herein, the kernel ICA (KICA) proposed by 

Bach [21] focuses on the nonlinear BSS problems. The advan-

tage of the combination is that it can carry out the nonlinear 

BSS processing even when the number of sensors is less than 

the number of independent sources. 

On the other hand, the high-order spectrum analysis is 

proven to be a powerful tool in feature extraction; in particular, 

the bispectrum can stress the weight of characteristic fre-

quency, identify the phasic information and express nonlinear 

advantages [22]. However, the classical FT-based bispectrum 

may not be suitable for the signals with variation of the instan-

taneous frequency because its stationary kernel of the FT does 

not match with transient signals [22]. For this reason, the 

Wigner bispectrum has been proposed owing to the superior 

resolution of Wigner distribution both in the time and fre-

quency domain [23]. The Wigner bispectrum preserves the 

essential features of Wigner distribution and hence is capable 

of dealing with nonlinear signals. Thus, it is sensible to use 

Wigner distribution to extract comprehensive time-frequency 

information of transient signals, specifically, the IAS signals 

in this work. 

To diagnose the combustion-related faults of marine diesel 

engines using the IAS signals, this paper presents an intelli-

gent method based on the integration of EMD-KICA and 

Wigner bispectrum plus SVMs. Two case studies have been 

carried out to evaluate and verify the fault detection perform-

ance of the proposed method. In case 1 the IAS signals are 

simulated via a 6-cylinder diesel engine model, while in case 2 

the IAS signals are measured on the hydraulic dredger named 

“Hangjun 20”. The diagnostic results of the two cases demon-

strate that the proposed diagnostic approach can be used to 

perform intelligent fault detection for marine diesel engines. 

Furthermore, to highlight this new approach, comparisons are 

made against the FastICA, the FFT based bispectrum, and 

different classifiers, etc. 

 

2. Description of the proposed algorithm 

2.1 Illustration of kernel ICA   

The concept of ICA is illustrated in Fig. 1. Assume the 

measured variable data matrix x = [x1 x2 … xn]
T ∈Rn (where xi 

(i = 1, 2 … n) are the same variable measured by the multi-

channel sensors). The matrix x is the linear combination of 

m (m ≤ n) unknown independent components (ICs) in matrix s 

= [s1 s2 … sm]
T
 ∈Rm. The relationship between x and s can be 

expressed as 

 

⋅x = A s   (1) 

 

where A ∈Rn×m is the mixing matrix. The aim of ICA is to 

find a transformation matrix W ∈Rm×n
, ŝ = Wx ≈ s, to make 

the projection ŝ  high order statistically independent (> the 

second order independent) [24]. Several ICA algorithms, such 

as FastICA algorithm [20], have been developed to estimate 

independent components. However, these ICA algorithms are 

based on a linear model, which has difficulty in dealing with 

non-linearity cases. To overcome this problem, Bach [21] 

presented a new method of ICA, named kernel ICA (KICA). 

His idea regards maximizing independence as minimizing 

correlation with kernel. 

The KICA algorithm can be described briefly as follows. 

For more details, refer to Bach [21]. 

Step 1) Center the measured data x, choose the appropriate 

kernel function, and initial the demixing matrix W. 

Step 2) Whiten the data in the feature space. 

Step 3) Compute the centered Gram matrices K [21] of the 

estimated sources. 

Step 4) Calculate the maximum eigenvalue λF of K, and do 

the ICA algorithm to estimate the demixing matrix W.  

Step 5) Obtain the ICs by ŝ = Wx. 

Another promising application of the KICA is the feature 

reduction. Replace x by a feature space P, then the output of 

the KICA is the projection of P in a lower dimensionality 

space, i.e. the reduced feature space Q with the redundant 

 
 

Fig. 1. Illustration of ICA. 
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features eliminated. 

 

2.2 Underdetermined BSS problem 

The ICA technique needs several sensory clues to separate 

the original source [20]. However, limited by the space of the 

marine engine room, it is difficult to install multi-channel 

speed encoders for the diesel engine, hence resulting in the 

underdetermined BSS problem. To address this issue, an inte-

gration of the EMD and KICA is put forward to estimate the 

IAS source from the single channel sensor observation. The 

process of the EMD-KICA is described as follows: 

(1) Decompose the observation x(t) acquired from the IAS 

encoder into n intrinsic mode functions (IMFs) using EMD. 

(2) Regard the original observation x(t) and the n IMFs as 

the new multi-channel observations.  

(3) Apply the KICA algorithm on the new observations and 

determine the estimated IAS source from the BSS results. 

 

2.3 The flow chart of the proposed diagnostic method    

Since the bispectrum analysis can provide more effective 

fault information than the Fourier transform [22], the Wigner 

bispectrum is adopted to extract sensitive features of the IAS 

signal. The Wigner bispectrum extends the standard Wigner 

distribution in the same way that the bispectrum extends the 

power spectrum [23]. 

Given a signal x(t), the Wigner distribution can be ex-

pressed as [23]: 

 

* .
1

( , ) ( / 2) ( / 2)
2

j
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π
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The corresponding Wigner bispectrum is defined by [23]:  
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where α = 1/3 and β = 2/3. Since the energy appears as a spike 

at the frequency pair 1 2( )ω ω= [23], sensitive characteristics 

of the input data can be extracted efficiently. Moreover, the 

principal slice [25] of the bispectrum (i.e. the bispectrum di-

agonal slice) has been used in most applications to capture the 

distinguished features. Hence, to simplify the calculation, the 

principal slice of the Wigner bispectrum is applied to the fea-

ture extraction of the IAS signal. 

Considering that the SVM has strong learning and generali-

zation ability to analyze data and recognize patterns on the 

basis of limited samples [26], the SVMs are used for the 

multi-class identification for the fault diagnosis in marine 

diesel engines in this paper. The proposed diagnostic proc-

esses are given as follows: 

(1) Estimate ŝ  from the raw measured IAS data x via 

KICA. 

(2) Calculate the Wigner bispectrum of the estimated IAS 

waveform in ŝ , and extract useful time and frequency infor-

mation in the Wigner bispectrum to get the original feature 

space P. Then the KICA is employed again to select the dis-

tinguished feature to yield a new feature space Q (the features 

in Q is less than P). 

(3) Train the SVMs via Q to recognize the fault patterns. 

A flow chart of the diagnosis method proposed is illustrated 

in Fig. 2. 

 

3. Case study 1 – Numerical simulation 

3.1 Data simulation 

A simplified dynamic model of a four-stroke single-

cylinder diesel engine is shown in Fig. 3, where p is the gas 

pressure; fp and fr are the total tangential forces produced by 

the gas pressure and the vertical imbalance inertial force, re-

spectively; θ is the crankshaft angular; and R is the crank ra-

dius and L is the length of connecting rod. 

The angular speed instantaneous fluctuation ratio (IASFR) 

is defined as the ratio of the instantaneous angular speed to the 

average angular speed of a diesel engine, which is given by [5] 

 

/ .ε θ ω= ɺ  (4) 

 

The instantaneous angular speed fluctuations of a diesel en-

gine are closely related to the fluctuations of the total power 

torque acting on the crankshaft. The total power torque is then 

affected by gas pressure in the cylinder, vertical imbalance 

inertial force, friction force and engine load, etc.  

The torque balance equation can be expressed as [5] 

 
2

2 X L

d
I T T
dt

θ
= −    (5) 

 

where I is the inertial moment of the power unit device, TX is 

the power torque of the engine, and TL is the load torque. For 

ŝ

 
 

Fig. 2. The schematic diagram of the proposed diagnosis method. 
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Fig. 3. Dynamics model of a single-cylinder engine. 
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steady operating condition, the average instantaneous angular 

speed is a constant, which is expressed as [5] 

 

1/ ( ) constant .Iω φ θ= =   (6) 

 

The instantaneous angular speed is defined by [5]: 

 
2

2 2

2 2

( )

(sin( ) sin 2( ) / 2)
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L

d d d
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θ θ θ θ
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∫ ∫

∫ ∫
∫
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   (7) 

 

where λ is the ratio of crank radius and the length of connect-

ing rod, m is the reciprocating inertial mass andϕ the initial 

phase. Since it is difficult to determine I accurately, without 

knowing the inertial moment I, IASFR can be calculated ac-

cording to Eqs. (6) and (7), which is given by [5] 
 

2

1

( )
.

( )

θ φ θ
ε

ω φ θ
= =
ɺ

  (8) 

 

When faults, such as fuel leakage or exhaust valve leakage 

in a cylinder, influence the gas pressure the IASFR waveforms 

may be distorted due to the reduction of the torque contribu-

tion to the total power torque. Therefore, the IASFR wave-

form can be used to detect the faults.  

A four-stroke and six-cylinder diesel engine (Model 6135G) 

is selected to simulate the IASFR waveform based on the dy-

namic model. When the rotational speed of the engine is N 

rpm, the operating time per engine cycle is t0 = 120/N s, and 

hence the basic operating frequency f0 of the engine is  

 

0 01/  /120 (Hz)f t N= =   (9) 

 

and the ignition frequency f1 of the engine is  

 

1 0f mf=    (10) 

 

where m denotes the cylinder number.  

In the simulation, the operating parameters of the diesel en-

gine are listed in Table 1. The simulation results of the origi-

nal IASFR waveforms under normal and faulty conditions are 

shown in Fig. 4. The two faulty conditions include a 50% oil 

leakage and the oil cutting off in the third cylinder. It can be 

seen that IASFR waveform varies with the changes in the 

engine conditions and the physical characteristics of the 

IASFR are disclosed from the simulation results. Thus, the 

sensitive characteristic parameters for detecting the faults may 

be determined from the IASFR waveform. 

 

3.2. Data acquisition using EMD-KICA  

When using an IAS encoder to collect the IASFR signal of 

the diesel engine in practice, the measured signals may be 

corrupted by internal and external disturbance signals [18]. 

For the purpose of simulating this real operating environment 

of the diesel engine, the following three types of signals are 

selected to mix with the IASFR waveform to yield the obser-

vation x. The sinusoid s1 is applied to simulate the low-

frequency periodic vibration signal of the gas inlet/outlet valve 

base; the exponential random signal s2 is used to simulate the 

shocks caused by the piston knock and the fuel injection pump, 

etc.; and the random signal s3 is adopted to simulate the cylin-

der pressure variation. According to Eq. (1), x is the linear 

combination of four independent sources. In the interest of 

investigating the non-linear case, the addictive noise n is im-

posed to x. Thus, Eq. (1) can be rewritten as  

 

x1 = A · s + n .  (11) 

 

Since the signal-to-noise ratio (SNR) of the speed encoder 

output is usually greater than 30 dB, the SNR of the addictive 

noise n has been set to be 30 dB in the BSS procedure.  

In the BSS procedure, the observation x1 is firstly decom-

posed into six IMFs by EMD. Then the six IMFs and x1 form 

the new multi-sensory observations as the input of the KICA. 

The radial basis function (RBF) kernel is adopted for the 

KICA. Fig. 5 shows the time and frequency spectra of the 

mixed IASFR under normal condition and Fig. 6 shows the 

estimated results by EMD-KICA.  

Compared with the normal IASFR in Fig. 4, the time spec-

trum of the estimated normal IASFR in Fig. 6 agrees well with 

the original one. The large energy peaks locate at f1 and its 

harmonics and the dominant peak appear at f1. This result is 

consistent with the outcomes reported in Refs. [5, 10]. Hence, 

the underdetermined BSS results show that the EMD-KICA 

Table 1. The operating parameters of the diesel engine model. 
 

Cylinder number 6 Ignition frequency f1 50 Hz 

Operating rotating  

speed N 

1000 

rpm 
Order of firing 

1-5-3-6- 

2-4 

Operating power P0 40 kW Mass of piston (kg) 2.88 

Basic operating  

frequency f0 
8.33 Hz 

Mass of connecting  

rod (kg) 
4.48 
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Fig. 4. The original IASFR waveforms of the diesel engine under nor-

mal and faulty operating conditions. 
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method is effective in the IASFR estimation from a single 

channel observation. 

The separation efficiency of EMD-KICA is compared with 

the EMD-FastICA in this work. The correlation coefficients 

(Rf) between the original sources and the estimated sources are 

shown in Table 2 for the normal IASFR estimation. The com-

parison results indicate that the KICA has better correlation 

coefficients than FastICA, which means the KICA is robust in 

the estimation of the independent sources in this case. 

Fig. 7 shows the frequency spectra of the estimated IASFRs 

under the 50% oil leakage and the oil cutting off condition. 

Compared with Fig. 6, the energy peaks appear at f0 and its 

harmonics in Fig. 7, which agree with the theoretic analysis 

well [5, 10]. However, according to Figs. 4-7, it can be seen 

that it is difficult to determine the engine operation states di-

rectly from the time and frequency spectra although there are 

some differences between the spectra. Hence, the Wigner 

bispectrum is applied to the feature extraction of the IASFRs. 

 

3.3 Feature extraction using Wigner bispectrum 

The Wigner bispectrum analysis is employed to extract sen-

sitive amplitude and phasic features and assess the state of the 

machine. The performance of the Wigner bispectrum is com-

pared with the classical FFT based bispectrum in the feature 

extraction. Figs. 8-10 show the bispectrum and the bispectrum 

diagonal slice of the IASFR signals using the FFT based bis-

Table 2. The correlation coefficients (Rf) using different methods. 
 

Correlation coefficients (Rf) 

Algorithm Estimated  

s1 

Estimated  

s2 

Estimated  

s3 

Estimated  

IASFR 

EMD- 

FastICA 
0.71 0.79 0.78 0.59 

EMD-KICA 0.72 0.82 0.85 0.74 
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Fig. 5. The time and frequency spectra of the mixed normal IASFR. 
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Fig. 6. The time and frequency spectra of the estimated normal IASFR. 
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Fig. 7. The frequency spectra of the estimated faulty IASFRs. 

 

 

 
 

Fig. 8. Results of the normal IASFR via FFT based bispectrum. 

 

 
 

Fig. 9. Results of the 50% oil leakage via FFT based bispectrum. 

 

 
 

Fig. 10. Results of the oil cutting off via FFT based bispectrum. 
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pectrum in normal state, 50% oil leakage and oil cutting off in 

the third cylinder, respectively. Figs. 11-13 show analysis 

results of the Wigner bispectrum for the three engine opera-

tion conditions. 

When vibration data from the normal operating engine is 

analyzed in theory, there are peaks exhibited in the bispectrum 

at the ignition frequency f1 and 2f1, as well as their harmonics. 

This is because the cylinders work in a balance state. There-

fore, the external impacts on the combustion events are small 

and the ignition explosion makes the main contribution to the 

IAS fluctuation. Once a failure occurs in the cylinder, the out-

put power of the faulty cylinder decreases greatly, and the 

other five cylinders need increase their fuel charges to main-

tain the total engine output power. Thus, the cylinders work in 

an unbalanced situation, and a coupling effect is arisen be-

tween the ignition frequency and basic operating frequency. 

High peaks would appear at f1 and f0, as well as their harmon-

ics and subtractions and additions, which are caused by the 

engine working cycle and the coupling effect, etc.  

Fig. 8 shows that in normal state high peaks emerge at bi-

frequencies (50 Hz, 50 Hz) and (50 Hz, 100 Hz). In the faulty 

states shown in Figs. 9 and 10, besides f1 high peaks also lo-

cate at f0 and its harmonics. The FFT based bispectrum analy-

sis agrees with the theoretical results very well. However, 

compared with the Wigner bispectrum analysis results in Figs. 

11-13, its efficacy is not good enough. More details about the 

basic operating frequency f0 and its coupling effect with f1 (i.e. 

f1-2f0, etc.) have been revealed by Wigner bispectrum, and one 

can be noticed that the coupling effect of f1 and f0 accounts for 

a large amount of the bispectrum peaks in Figs. 12 and 13. But 

this coupling information has been completely missed in the 

FFT based bispectrum. Hence, in contrast to the classical bis-

pectrum, more comprehensive information about sensitive 

characteristics of the IASFR signals has been presented by the 

Wigner bispectrum, and the analysis results are superior. 

Furthermore, through observing the energy distribution in 

Figs. 11-13 it can be seen that the amplitudes of the peaks 

vary with the changes of the working conditions at 8.33 Hz, 

29.17 Hz, 50 Hz, 75 Hz and 100 Hz, etc. Hence, the energy 

information could be used as distinguished features to identify 

the diesel engine operating conditions. Considering that some 

distinct features may exist at the high frequency part, a novel 

method is proposed to search the features as effectively as 

possible in this work. This approach firstly searches the sum 

energies in the span of time at frequencies f0, f1 and their har-

monics to yield the feature space Pm×n = [pm1, pm2 … pmn], 

where subscript m denotes total samples and n is the extracted 

features. Then the KICA is employed to select the most sensi-

tive features from n features to eliminate the redundancies. 

Hence the new feature space Qm×r = [qm1, qm2 … qmr] (r < n) 

is obtained, trained and tested as the inputs of a classifier for 

the pattern recognition. 

 

3.4 Pattern recognition by SVM 

Since there may be a certain correlation between the fea-

tures and the diesel engine states, which may be difficult to 

express using analytical methods, the SVM is applied to learn 

the relationship of them. The concept of the kernel trick al-

lows SVM to perform separations even with nonlinear 

boundaries [27-30]. The kernel type plays a crucial role in the 

classification process. Since the RBF kernel has been proven 

more effective than others [27], the RBF kernel is adopted in 

this article. Moreover, as for the multi-class classification 

(where one has k > 2 classes) using SVMs, the decision 

method may influence the classification rate. The decision 

methods based on the one-against-one [29, 30], one-against-all 

[27] and multi-class support vector (ms-sv) [28] strategies are 

compared with respect to the classification accuracy here. 

In the present work 100 samples for each operating condi-

tion (i.e. 300 samples in total) are prepared for the diagnosis 

procedure, and 40 features for each sample are extracted using 

Wigner bispectrum. Thus, the original feature space P300×40 is 

obtained. In the feature reduction processing, half of the fea-

 
 

Fig. 11. Results of the normal IASFR via Wigner bispectrum. 

 

 
 

Fig. 12. Results of the 50% oil leakage via Wigner bispectrum. 

 

 
 

Fig. 13. Results of the oil cutting off via Wigner bispectrum. 
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ture space is firstly transformed by the KICA to train the SVM. 

Then the other half of the features is processed using the same 

demixing matrix W of the training procedure to test the SVM. 

A portion of the feature reduction results is shown in Fig. 

14. It is noticeable that before the KICA analysis, there are 3 

distinguished features (features 1, 9 and 33) related to the 

three machine states, while this number increased to 8 (fea-

tures 1, 3, 4, 9, 18, 31, 33 and 36) after the KICA processing. 

More distinguished features may enhance the diagnosis preci-

sion when dealing with a large number of samples. Hence, the 

eight sensitive features are adopted as the input feature vector 

for the classifiers in this work. 

The comparison of the test results of the SVM classifiers 

using diverse kernel functions is shown in Table 3. In order to 

highlight the advantages of the proposed method for the orig-

nial IASFR data processing, the fault diagnostic performance 

is compared with k-nearest neighbor (k-NN) and back-

propagation neural network (BP NN), as well as different 

feature extraction and reduction methods. The SVM adopts 

RBF kernel parameter σ = 15 and one-against-all strategy, k-

NN chose k = 25, and the BP NN used the 8-25-3 structure. 

The comparison results are listed in Table 4. 

 

3.5 Discussion 

From Table 3, it should be noted that the overall classifica-

tion rate of the SVM plus KICA feature reduction are dra-

matically higher than that without KICA reduction. The fault 

detection rate by SVM without KICA reduction is less than 

60%, which indicates that there are a large amount of redun-

dant features in P300×40 resulting in the unsatisfactory detection 

rate. In contrast, the average classification rate of the proposed 

method is greater than 90% in the testing. It is clear that the 

redundant features in P300×40 are eliminated efficiently by 

KICA. Meanwhile, Table 3 shows that the effects of different 

kernel parameters are small since sensitive input features have 

been selected by KICA. In addition, in this specific case, the 

strategy of one-against-all is better than one-against-all and 

ms-sv with respect to the detection rate. 

In Table 4, the fault diagnosis rate has been enhanced by 

approximate 11% using the KICA when compared with the 

FastICA. Hence, the KICA is sensitive for the nonlinear 

IASFR signals due to its kernel trick. Moreover, there is an 

approximate 4% improvement of the fault identification pre-

cision using Wigner bispectrum when compared with the 

FFT based bispectrum. This is because the Wigner bispec-

trum can present comprehensive information on the combus-

tion fault during the expansion stroke of the cylinder. It can 

be also noticed that the classification rates of the k-NN, BP 

NN and SVM are up to 93% or better when using the pro-

posed feature extraction and reduction procedure, and the 

best performance is 94.7% by the use of the proposed fault 

diagnosis method. 

 

4. Case study 2 – Experimental data processing 

The shipboard measurement is carried out in the ship of 

“Hangjun 20” (see Fig. 15), which is a 300 m
3
 hydraulic 

dredger. The fault experiments have been implemented on the 

diesel power generator “Sweden Volvo Penta TAMD165C”. 

Table 3. Classification results using SVM. 
 

Classification accuracy Multi-class 

strategy 

RBF kernel  

parameter σ P300 × 40 Training  Testing  

3 47.3% 96.0% 93.3% 

8 54.7% 96.0% 93.3% 
One- 

against-one 
15 52.7% 96.7% 93.3% 

3 48.0% 96.7% 94.3% 

8 56.7% 96.7% 94.7% 
One- 

against-all 
15 55.3% 98.0% 94.7% 

3 42.3% 96.0% 91.0% 

8 55.3% 96.0% 90.7% Mc-sv [25] 

15 56.0% 96.0% 90.7% 

 

Table 4. Comparison of different diagnosis approaches. 
 

Classification accuracy (%) 
Feature extraction and reduction method 

k-NN BP NN SVM 

EMD-FastICA-classical bispectrum 81.7 82.3 82.0 

EMD-FastICA-Wigner bispectrum 85.3 85.7 86.3 

EMD-KICA-classical bispectrum 88.3 89.0 90.7 

EMD-KICA-Wigner bispectrum 93.7 93.3 94.7 
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Fig. 14. Feature reduction: (a) original features; (b) new features. 

 

 

 
 

Fig. 15. The “Hangjun 20” dredge applied to the experiment tests. 
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The generator has 6 cylinders and the firing order is 1-5-3-6-2-

4. In the experiments, the bolts of the high-pressure oil pipe 

inject nozzle have been set to loose manually for 3rd cylinder 

and 6th cylinder, respectively, to simulate the oil leakage 

faults. The diesel power generator operates for 30 minutes 

under normal and the two faulty conditions, respectively. The 

engine rotational speed is 1500 rpm, and hence the basic oper-

ating frequency f0 is 12.5 Hz and the ignition frequency f1 is 

75 Hz. The speed encoder (see Fig. 16) is located close to the 

generator flywheel to record the IAS signals.     

In this work, the measured raw data is decomposed into 6 

IMFs by EMD. The estimated IAS signals of the three opera-

tion states of the diesel engine using EMD-KICA are shown in 

Fig. 17, and their Wigner bispectrum pictures are given in Fig. 

18.  

It can be seen from Fig. 18(a) that high peaks mainly appear 

at the coupling frequencies (f1-3.5f0) and (f1-4.5f0). These cou-

pling effects may be arisen by the unbalance inertia-force 

when the crankshaft is running. During the work cycle, the 

peak values of the coupling effects change smoothly, however, 

in the faulty states in Figs. 18(b) and (c), abrupt energy con-

centrations emerge in short duration. In Fig. 18(b), the sudden 

energy peaks appear around the time-frequency pairs (400, f0) 

and [400, (f1-3.5f0)], just after the exhaust stroke of the 3rd 

cylinder. And in Fig. 18(c), the sudden energy peaks appear 

around the time-frequency pairs (450, f0) and (450, 2f0), which 

happen during the expansion stroke and exhaust stroke of the 

6th cylinder. It can infer that the combustion faults increase 

the crankshaft unbalance, and hence the frequency characteris-

tics related with the faults behave actively. In addition, a num-

ber of small peaks with unknown frequencies are presented in 

the faulty operations. These characteristics may thus indicate 

the unknown coupling effects and make a difference between 

the normal and faulty states of the engine. 

One hundred samples for each operating condition (i.e. 300 

samples in total) are prepared for the diagnosis procedure, and 

40 original features for each sample are extracted using the 

proposed feature extraction method. Then, half of the features 

is processed by the KICA to get the new feature space Q150×8 

for training, followed by the feature reduction of the testing 

samples using the same demixing matrix W of the training 

procedure. In the pattern recognition, the SVM is compared 

with the k-NN and BP NN. The parameters of the classifiers 

are the same as in the numerical tests in Section 3. The testing 

result of the SVM using one-against-all strategy is shown in 

Fig. 19 and the fault identification results are listed in Table 5.  

Flywheel of the 

diesel engine
IAS encoder Flywheel of the 

diesel engine
IAS encoder

    
 

Fig. 16. The IAS sensor arrangement for the dredge diesel generator. 
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Fig. 17. The estimated IAS signal using EMD-KICA algorithm. 

 

 

 
 

 
 

 
 

Fig. 18. Analysis results of the estimated real IAS data via Wigner 

bispectrum: (a) normal data; (b) oil leakage in 3rd cylinder; (c) oil 

leakage in 6th cylinder. 
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It can be seen from Fig. 19 that the testing data are grouped 

into three clusters by the SVM. Hence, the SVM could learn 

the relationship of the input features and the diesel engine 

states well, which means that the features extracted by the 

proposed method could effectively represent the characteris-

tics of the IAS data.  

It is noticed in Table 5 that the BSS processing and feature 

reduction via KICA enhance the fault detection rate signifi-

cantly, the Wigber bispectrum has better performance than the 

FFT based bispectrum, and the SVM yields the best identifica-

tion precision among the three classifiers. The experimental 

results agree well with the numerical simulation results. Thus, 

the proposed method is feasible and available for the fault 

diagnosis of marine diesel engines.  

 

5. Conclusions 

Early fault detection and diagnosis for diesel engines is es-

sential to ensure reliable operation throughout their service 

lives. The use of the IAS signals is a promising tool for condi-

tion monitoring of the diesel engines in practice. Therefore, a 

new diagnostic method combining the EMD-KICA and 

Wigner bispectrum plus SVM is proposed to assess the health 

states of diesel engines. The numerical and experimental 

analysis results of fault detection and diagnosis show that (a) 

the non-linear mixed IAS signals can be demixed by the 

EMD-KICA algorithm from a single channel observation with 

a small amount of information losing; (b) distinguished fea-

tures of the IAS signals can be captured by the Wigner bispec-

trum-KICA method, and hence the fault detection rate can be 

improved; and (c) the proposed intelligent diagnosis method 

can detect faults with a high accuracy for the marine diesel 

engines. Thus, the proposed diagnosis approach in this work 

may provide practical utilities for marine diesel engines. Fur-

ther research is to extend the proposed method to the marine 

gearbox and shaft-line. 
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