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Abstract. Vibration signal of reciprocating compressor gas valve represents nonlinear, 
non-stationary and multiple impulse characteristics. To extract the features of the signal, an 
integration approach based on local mean decomposition (LMD) method and 
autoregressive-generalized autoregressive conditional heteroscedasticity (AR-GARCH) model is 
proposed. First, the property of LMD is investigated in the paper, which indicates that LMD 
method not only can effectively alleviate non-stationary feature and restrain the end effect of 
non-stationary signal, but also can accurately improve the resolution of time-frequency analysis. 
Then, the first five PF components of gas valve signal are modeled by AR(1)-GARCH(1, 1) model 
as the feature vectors without any prior knowledge about the fault mechanism. Finally, the BP 
neural networks are applied to diagnose the faults of reciprocating compressor gas valve based on 
the feature vectors above. The results indicate that high diagnosis accuracy can be obtained by 
integrating LMD method and AR-GARCH model. So the approach proposed in the paper provides 
an effective measure to extract the fault feature of reciprocating compressor gas valve. 
Keywords: fault diagnosis, LMD, AR-GARCH, gas valve, reciprocating compressor. 

1. Introduction 

The gas valve is an essential component of reciprocating compressor. Approximately 60 % of 
reciprocating compressor failures was caused by the gas valve, so gas valve fault detection and 
diagnosis is an important industrial maintenance task. Fault feature extraction from gas valve 
signals is the key process for fault diagnosis of reciprocating compressor gas valve.  

The vibration signals generated by reciprocating compressor gas valve include a multiple 
impulse source characteristic, and it is typical nonlinear and non-stationary. Conventional signal 
processing techniques including time-domain statistical analysis, frequency-domain spectral 
analysis and modeling methods have been widely used in fault diagnosis of rotating machinery 
[2, 3]. Among them, the modeling method is very convenient, because it does not require any prior 
knowledge about fault mechanism, and the characteristics of machinery can be reflected by the 
parameters of the model. Furthermore, the time expense for parameter computing is very low and 
suitable for real-time recognition and classification [4]. Among the models, the autoregressive 
(AR) model is the most popular linear model for stationary signal, and model parameters are very 
sensitive to the condition variation [5]. However, when the AR model is applied to non-stationary 
signal, the iterative operation may be not convergent and the autoregressive parameters are 
difficult to be estimated. Although the literature [6] proposes an approach based on empirical 
mode decomposition (EMD) and AR model to transform the non-stationary signal into stationary 
signal, the effect will be not evident for the volatile signal, especially the signal with time-varying 
variation. On the other hand, the time-dependent autoregressive and moving average(ARMA) 
model can be applied to non-stationary signals, but the more computation time is needed. 
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Furthermore, only the linear frequency and amplitude modulated signals can be effectively 
analyzed by ARMA model [7]. In practice, the gas valve signal demonstrates both variability 
clustering and heavy tail behavior, and the signal is of non-stationary with time varying variance 
[8]. At present, the time varying variance of the non-stationary signal can be estimated using a 
complex GARCH model with Gaussian innovations. The GARCH model was first introduced by 
Bollerslev [9] as an extension of the ARCH model developed by Engle [10] in economic data 
modeling. For a few decades, many researchers have tried to expand the model in several fields, 
and AR-GARCH is one of the extensions [11]. In this paper, more specifically, an  
AR(1)-GARCH(1, 1) model is adopted to extract the feature of gas valve signal. Since the signal 
represents a strong non-stationary characteristic and is often corrupted by noise, the analysis 
results will be imperfect if the AR(1)-GARCH(1, 1) model is directly applied to the gas valve 
signal. So the non-stationary problem should be firstly alleviated before establishing the model. 

To process the non-stationary signal, time-frequency analysis techniques, such as short time 
Fourier transform(SFTF) [12], Wigner-Ville transform (WVT) [13], wavelet transform (WT) [14] 
and empirical mode decomposition(EMD) [15], have been well accepted and widely used. 
However, all the techniques also present some own limitations. To obtain good frequency 
resolution in the case of the STFT, a long sliding window is needed, but bad localization in time 
is caused, and vice versa. So the window length has to be chosen based on the prior knowledge of 
signal [16]. Although WVT has good resolution in both time and frequency, its cross-terms cause 
some false information for multi-component signal [17]. Compared with STFT and WVT, WT is 
much better in providing local features of multi-scale time-frequency analysis, which enables 
wavelet analysis distinguish the abrupt components of vibration signal. However, WT still has 
some inevitable deficiencies. Firstly, energy leakage will occur when using wavelet transform to 
process signals due to the fact that wavelet transform is essentially an adjustable windowed 
Fourier transform. Secondly, the appropriate base function needs to be selected in advance. 
Moreover, once the decomposition scales are determined, the result of wavelet decomposition 
would be the signal under a certain frequency band. Therefore, wavelet transform is not a self-
adaptive signal processing approach in nature [18]. EMD is a self-adaptive signal processing 
method that could decompose a non-stationary signal into a number of intrinsic mode functions 
(IMFs). By Hilbert transform, the corresponding frequency and energy distribution of signals can 
be obtained from IMFs [19]. Since EMD method was developed, it has demonstrated the 
superiority of feature extraction for non-stationary signal in many applications [20]. However, 
many deficiencies still exist in the EMD technique, such as the end effects [21], mode mixing [22], 
the IMF criterion [23] and the envelope line [24]. In addition, the existence of some unknown and 
unexplainable instantaneous frequency components of investigated signals is still highly 
controversial. 

Recently, a novel self-adaptive time-frequency analysis method, known as the local mean 
decomposition (LMD) technique, was proposed by Jonathan S. Smith as an extension of the EMD 
technique to process EEG perception data [25]. The LMD can decompose a multi-component 
signal into a set of product functions (PFs), each of which is the product of an amplitude envelope 
(AM) signal and a frequency modulated (FM) signal. Furthermore, the corresponding complete 
time-frequency distribution could be obtained by assembling the instantaneous amplitude and 
instantaneous frequency of all PF components. The gas valve signal of reciprocating compressor 
represents AM-FM feature, which is more obvious when fault occurs [26]. So it is possible to 
apply LMD to the fault feature extraction of reciprocating compressor gas valve. 

In the paper, the vibration signals of four gas valve states, a normal valve, a gap valve, a 
fractured valve and a bad spring valve, are firstly decomposed using the LMD method into a set 
of PFs and a residual term ( ). Then the AR (1)-GARCH(1, 1) model of each PF can be 
established, whose parameters reflect the real features of the investigated signal and can be taken 
as the feature vectors. Finally, the BP neural network is applied to diagnose the faults from the 
reciprocating compressor gas valves based on the extracted features vectors above. The results 
indicate that high diagnosis accuracy can be obtained by integrating LMD method and 



1933. A FAULT DIAGNOSIS APPROACH OF RECIPROCATING COMPRESSOR GAS VALVE BASED ON LOCAL MEAN DECOMPOSITION AND 
AUTOREGRESSIVE-GENERALIZED AUTOREGRESSIVE CONDITIONAL HETEROSCEDASTICITY MODEL. NA LEI, YOUFU TANG, YONG LEI 

840 © JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAR 2016, VOL. 18, ISSUE 2. ISSN 1392-8716  

AR-GARCH model. So the approach proposed in the paper provides an effective measure to 
extract the fault feature of reciprocating compressor gas valve. 

2. Local mean decomposition method 

For a given signal ( ), the LMD algorithm can be briefly described as follow Fig. 1 [27, 28]. 

 
Fig. 1. The diagram LMD algorithm 

In order to verify the merit of LMD approach on nonlinear trend analysis of non-stationary 
signal, the wavelet method and EMD method are used for comparison investigation. 

Consider an original nonstationary signal ( ) given below: ( ) = 1 + 0.5cos(9 ) cos 80 + 2cos(10 ) + sin(10 ) + sin(30 ), (1)

where = 0-2 s, and sample frequency is 1000 Hz. Add a nonlinear trend term ( ) to ( ), and 
then the investiaged signal ( )  is obtained as follows, and each simulated signal is given  
in Fig. 2: ( ) = 1.5 + − 2 + 1, (2)( ) = ( ) + ( ). (3)

According to the Eqs. (1)-(3), the investigated signal ( ) including four components: one 
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AM-FM signal, two harmonic signal and one trend signal is a typical nonlinear and non-stationary 
signal. Apply the wavelet method, EMD method and LMD method to the feature extraction of ( ), and the analysis results are respectively shown from Fig. 3 to Fig. 5. 

 
Fig. 2. The simulated signal ( ), ( ) and ( ) 

 
Fig. 3. The decomposition result of the  

investigated signal ( ) based on wavelet 
 

 
Fig. 4. The decomposition result of the  
investigated signal ( ) based on EMD 

 
Fig. 5. The decomposition result of the  
investigated signal ( ) based on LMD 

In Fig. 3, the signal ( ) is decomposed into seven high frequency components -  and one 
low frequency component ( ) by the db10 wavelet. ( ) demonstrates the feature of the trend 
signal contained in ( ). However, the features of AM-FM signal and harmonic signal contained 
in ( ) cannot be extracted from -  effectively. Each component is corresponding to the 
different scalar resolution of the signal ( ) from high to low, and it is not a intrinsic mode with 
physical significance. In addtion, the special choices of the wavelet and scaling function are 
difficult, and require more prior knowledge about the investigated signal. Moreover, the 
decomposition process of wavelet is not self-adaptive, so the precise trend term cannot be easily 
obtained. 

Fig. 4 shows that the investigated signal ( ) is decomposed into four intrinsic mode functions 
IMF1-IMF4 and one residual term ( ) by EMD method. The features of one AM-FM signal and 
two harmonic signal contained in ( ) can be effectively extracted from IMF1-IMF3 respectively. 
However, the feature of residual term ( ) cannot match the trend signal ( ) contained in ( ), 
and the feature of IMF4 cannot represent any physical significance. According to the prior 
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knowledge as we known about ( ), the joint of IMF4 and ( ) should be the trend term of ( ). 
Although the decomposition proceeds in terms of the intrinsic information of the signal and the 
amount of the decomposed IMFs is usually finite, the useful information or really trend term is 
uncertain without prior knowledge. 

In the case of LMD analysis result for the investigated signal ( ), it clearly reflects the four 
features of ( ): PF1 represents the AM-FM signal, PF2-PF3 respectively represent the two 
harmonic signal and ( ) is corresponding to the trend signal. Therefore, compared with wavelet 
and EMD, the decomposition components of LMD are more physically meaningful and the 
convergence rate of LMD is faster. In addition, the analysis precision of LMD is also better. To 
verify the accuracy, the trend terms are respectively provided based on theory value ( ), wavelet, 
EMD and LMD in Fig. 6. 

 
Fig. 6. The trend analysis of ( ) based on theory value ( ), wavelet, EMD and LMD 

Fig. 6 indicates that all the methods based on wavelet, EMD and LMD can extract the trend 
feature from non-stationary and nonlinear signal, and the trend features are much close to the 
theory trend feature. However, by observing the details of each trend curve, it is found that the 
end effect of trend curve ( ) is the smallest and the end effect of trend curve ( ) + IMF4 is the 
most obvious. So it indicates that LMD method can effectively restrain the end effect of 
non-stationary signal, and the real characteristics of the original signals can be reflected  
efficiently. 

Besides the multi-component decomposition and nonlinear trend analysis, the time-frequency 
analysis is another important application for wavelet, EMD and LMD. The wavelet coefficients 
provide a measure of the similitude between the parent wavelet and the signal at scale. The squared 
magnitude of the coefficients can be presented via the scaleogram as energy content in frequency 
and time. So the scale, frequency and energy of wavelet can be used to draw an information cell 
in the time-frequency plane. The IMFs decomposed by EMD have well-behaved Hilbert transform 
and conform to a narrowband condition. EMD and Hilbert spectrum analysis constitute 
Hilbert-Huang transform (HHT), which was first proposed by Huang for the time-frequency 
analysis of nonstationary signals [20]. So the instantaneous frequency (IF) and instantaneous 
amplitude (IA) can be obtained by HHT. LMD method can decompose amplitude and frequency 
modulated signals into a small set of product functions, each of which is the product of an envelope 
signal and a frequency modulated signal from which a time-varying instantaneous amplitude and 
instantaneous frequency can be derived. The instantaneous frequency and envelope values can 
then be plotted together in the form of a demodulated signal time-frequency representation [29]. 
Fig. 7-Fig. 9 display the time-frequency distribution of the signal ( ) based on wavelet, EMD 



1933. A FAULT DIAGNOSIS APPROACH OF RECIPROCATING COMPRESSOR GAS VALVE BASED ON LOCAL MEAN DECOMPOSITION AND 
AUTOREGRESSIVE-GENERALIZED AUTOREGRESSIVE CONDITIONAL HETEROSCEDASTICITY MODEL. NA LEI, YOUFU TANG, YONG LEI 

 © JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAR 2016, VOL. 18, ISSUE 2. ISSN 1392-8716 843 

and LMD respectively. 
From Fig. 7 to Fig. 9, it indicates that all the time-frequency analysis method based on wavelet, 

EMD and LMD can effectively extract the original frequency feature contained in ( ), such as 
the modulated frequency components 45 Hz and 35 Hz, the harmonic frequency components 
15 Hz and 5 Hz . However, the frequency resolution of wavelet is too bad, and the two end effects 
of EMD are much serious. Compared with wavelet and EMD, the time-frequency analysis based 
on LMD can be more accurate in resolution capabilities and closer to the truth of original signal. 

Fig. 7. The time-frequency distribution of the 
investigated signal ( ) based on wavelet 

 
Fig. 8. The time-frequency distribution of the 

investigated signal ( ) based on EMD 

 
Fig. 9. The time-frequency distribution of the investigated signal ( ) based on LMD 

3. Feature extraction based on LMD and AR-GARCH model 

It is assumed that an arbitrary non-stationary signal ( ) has been decomposed into   s 
and a residual term ( )  via LMD. To alleviate the non-stationarity of ( )  and reduce the 
complexity of computing, the main features of ( ) can be extracted by estimating the parameters 
of AR(1)-GARCH(1, 1) model corresponding to each . For a given component , the model 
is defined as follows [15]: ( ) = + ( − 1) + ( ), (4)( ) = ( ) ( ), (5)= + ( − 1) + ( − 1), (6)

where  is the time index, and ,  in Eq. (4) are the parameters of the AR(1) part respectively. 
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( ) in Eq. (5) is zero-mean independent identically distributed Gaussian random variables with 
unity variance. ,  and  in Eq. (6) are the parameters of the GARCH(1, 1) model, and  ( ), is the conditional variance of the signal. 

Since the parameters , , ,  and  can reflect the inherent characteristics of vibration 
signal, they can be chosen as the feature vectors = , , , ,  to identify the state of 
reciprocating compressor gas valve. In order to test the feasibility and accuracy of the proposed 
approach, take the original signal ( ) defined by Eq. (3) for an example. Fig. 10 displays LMD 
trend curve and its corresponding curve fitted by AR-GARCH. It presents a good match of the 
LMD trend and AR-GARCH trend which can accurately model the nonlinear and non-stationary 
signal in time domain. 

 
Fig. 10. Trend analysis based on theory value ( ), 

wavelet, EMD and LMD 

 
Fig. 11. The disposition of experimental  

equipment for gas valve 

4. Application to the fault diagnosis of reciprocating compressor gas valve 

In this study, experiments were carried out on four different types of reciprocating compressor 
gas valves including a normal valve, a gap valve, a fractured valve and a valve with a bad spring. 
Vibration signals were collected by vibration acceleration transducers fixed on the gas valve cover. 
The sample frequency used was 50000 Hz and 10000 samples were taken. Fig. 11 displays the 
disposition of experimental equipment. The vibration time waveforms for the four gas valve states 
are shown in Fig. 12. 

Applying LMD method to each gas valve signal, the decomposition result in four gas valve 
states can be obtained. As shown in Fig. 13, the main information is included in the first five PF 
components which represent the high-frequency bands of the gas valve signal. Thus the 
AR(1)-GARCH(1, 1) model feature vectors can be calculated with the first five PF components. 
The corresponding fitting curve of AR(1)-GARCH(1, 1) model is displayed in Fig. 14. 

Fig. 14 represents a good match between the first five PF components of normal gas valve 
signal and the fitting of AR-GARCH. So the feature vectors = , , , ,  produced 
by the joint model parameters can indicate the main characteristics of gas valve signal. Moreover, 
the part vectors of the first five PF components in the four gas valve states are listed in Table 1 in 
which ,  ( = 1, 2, 3, 4 denotes the normal valve, gap valve, fractured valve and bad spring 
valve. = 1, 2, 3, 4, 5 denotes the first five PF components respectively) denotes the feature 
vector of the th PF component under the th gas valve state. 

Table 1 shows the model parameters  and  are zero for each  component in four gas 
valve states. So the feature vectors  can be simplified to [ , , ]. In order to verify the 
effectiveness of the novel feature extraction approach based on LMD and AR-GARCH, the BP 
neural network is applied to diagnose the faults of reciprocating compressor gas valve. A total of 
100 samples are taken for each gas valve state with 80 samples selected as the learning data for 
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training and the other 20 samples for testing data used to diagnose the state of gas valves. The 
desirable output is a vector [1, 0, 0, 0] for the neural network for the purpose of training and 
learning when the samples of normal valve state is input. The desirable output are the vectors  
[0, 1, 0, 0], [0, 0, 1, 0] and [0, 0, 0, 1] which correspond to the samples of gap valve, fractured 
valve and bad spring valve. The input layer node number of neural network is 15, while its output 
layer node number is 4. BP neural network adopts a hidden layer with 8 nodes. The diagnosis 
results are given in Table 1. From the diagnosis accuracy of the model feature vectors, it shows 
that the accuracy of integrated first five  components in normal state is 87.50 %, while the 
accuracies of other diagnosis are 91.25 %, 88.75 % and 93.75 % respectively. It is testified that 
the high diagnosis accuracy can be obtained based on the approach proposed in this paper.  

 
a) 

 
b) 

 
c) 

 
d) 

Fig. 12. The time waveforms of gas valve in the four states 

Fig. 13. The decomposition result of  
the normal gas valve based on LMD 

Fig. 14. The fitting curves of the first five PF 
components based on AR-GARCH model 
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Table 1. Fault diagnosis results obtained with the model feature vectors: 

Gas valve state Feature vectors Estimates Output Accuracy (%) 

Normal 

0 0.5553 0 0.2757 0.7243 
[0.9459 
0.0012 
0.0064 
0.002] 

87.50 
0 0.8280 0 0.3375 0.6625 
0 0.9589 0 0.7118 0.2882 
0 0.9808 0 0.8251 0.1749 
0 0.9947 0 0.7574 0.2426 

Gap 

0 0.6259 0 0.2844 0.7156 
[0.0167 
0.9896 
0.0001 
0.0001] 

91.25 
0 0.8775 0 0.3764 0.6236 
0 0.9742 0 0.6836 0.3164 
0 0.9922 0 0.7743 0.2257 
0 0.9957 0 0.7438 0.2562 

Fractured 

0 0.6230 0 0.2859 0.7141 
[0.1096 
0.0220 
0.8533 
0.0004] 

88.75 
0 0.8749 0 0.4144 0.5856 
0 0.9673 0 0.7629 0.2371 
0 0.9890 0 0.8116 0.1884 
0 1.0000 0 0.9957 0.0033 

Bad spring 

0 0.7026 0 0.2932 0.7068 
[0.0001 
0.0011 
0.0854 
0.9947] 

93.75 
0 0.9006 0 0.4753 0.5247 
0 0.9756 0 0.7141 0.2859 
0 0.9944 0 0.7704 0.2296 
0 1.0000 0 0.7853 0.2147 

5. Conclusions  

In the paper, an integration approach based on LMD and AR-GARCH is proposed for the fault 
diagnosis of reciprocating compressor gas valve. AR-GARCH model can effectively extract the 
feature of non-stationary vibration signal without any prior knowledge about fault mechanism of 
gas valve vibration signals. However, the gas valve signal presents a strong non-stationary 
characteristic and often corrupted by noise, so before AR-GARCH model is established, the 
non-stationary of gas valve signal should be alleviated firstly. LMD method can effectively 
decompose a non-stationary signal into a set of physically meaningful PFs and a trend term. 
Compared with wavelet and EMD, LMD method not only can effectively alleviate the 
non-stationary feature and restrain the end effect of non-stationary signal, but also can accurately 
improve the resolution of time-frequency analysis. The first five PF components of gas valve 
signal are modeled by AR(1)-GARCH(1, 1) as the feature vectors, and then recognized by the 
neural network. The results indicate that high diagnosis accuracy can be obtained by integrating 
LMD method and AR-GARCH model. So the approach proposed in the paper provides an 
effective measure to extract the fault feature of reciprocating compressor gas valve. 
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