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Abstract: Vibration-based condition monitoring and fault diagnosis is an effective approach 

to maintain the reliable operation of a scroll compressor. Unfortunately, the vibration signal 

from the scroll compressor always has characteristics of being non-linear and non-stationary, 

which makes vibration signal analysis and fault feature extraction very difficult. To extract 

the significant fault features, a vibration analysis method based on Wavelet entropy is 

proposed in this paper. Two forms of the wavelet entropy, namely the wavelet space feature 

spectrum entropy (WSFSE) and the wavelet energy spectrum entropy (WESE), are defined 

to depict instantaneous characteristics of the local variation of the vibration signal. Four 

types of mechanical faulty vibration signal, namely unbalanced rotor, malfunctioning scroll, 

loosened mechanical assembly, and loosened bearing, are analyzed by using the proposed 

approach. The experimental results show that feature components and energy distribution of 

each fault signal is accurately identified and revealed, which proves that the combined 

application of WSFSE and WESE approach is a successful scheme for the vibration analysis 

of scroll compressors. 
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1. Introduction 

Scroll compressors have been becoming popular in refrigeration and air conditioning products 

because of their high efficiency, low noise, fewer components, low vibration, light weight, and small 

size compared with other types of compressors [1–5]. The malfunctions or faults because of the damages 

of their key components, such as fixed and orbiting scrolls, during the operating process of scroll 

compressors may cause abnormal operation and, if not detected early, can cause emergency shutdown. 

Therefore, efficient and accurate fault diagnosis technique is very important for guaranteeing reliability 

and performance of a scroll compressor. Over the past two decades, a large number of methods have been 

proposed for fault detection and diagnosis, and many attractive research results [6–14] have been 

obtained. In these methods, vibration-based spectrum analysis to the vibration signals of scroll 

compressors has been used as a regular technique in recent years [14–16] because of its capability of 

extracting fault feature from the signals. However, there still are some disadvantages in condition 

monitoring and fault diagnosis of scroll compressors. These deficiencies lead to some troublesome 

problems, one of which is that the diagnosis process was influenced by sampling point, sampling 

frequency, and sampling time. As a result, the diagnosis reliability is low but the diagnosis cost is 

relatively high. In this situation, the conventional analysis methods will not be suitable, because these 

methods are based on the assumption that the main vibration signals generated by machines are stationary 

and linear, while the signals acquired from scroll compressors are nonlinear and non-stationary random 

signals caused by multiple excitation sources. A general method [17] combined with entropy and grey 

incidence degree has been put forward to identify several types of faults occuring in scroll compressors, 

but the accurate identifying and revealing of feature components and energy distribution of each typical 

fault signal is still lacking. 

As a novel feature extraction tool, wavelet entropy (WE) has attracted worldwide attention of experts 

and scholars with the ability to analyze transient features of non-stationary signals. It combines wavelet 

decomposition and entropy to estimate the degree of disorder of a signal with a high time-frequency 

resolution. Recently, WE has been used in engineering signal surveys such as electroencephalography 

(EEG) testing, climate processes, machinery vibration detection, and fault diagnosis and so on [18–22]. 

The results of these studies have manifested its better performance in analyzing the variability and 

complexity of signals compared with traditional methods. Remarkably, Chen and Li [23] introduced 

wavelet entropy to the feature extraction of transient signals in power systems, which makes it possible 

for some special power signals, non-faulty indirect lightning strikes, to be analyzed more extensively 

and deeply than ever. Chen et al. [24] presented an evaluation method of bearing factory quality based 

on wavelet packet entropy flow manifold learning and applied it to detect different types of defects on 

the bearing components. Some applications of WE in signal analysis and processing have shown its 

outstanding performance in distinguishing real signals and noise in a noisy series [25] and fault-detecting 

for different stable and unstable power swing conditions [26]. 

In view of the above-mentioned facts, an approach to the fault identification of scroll compressors by 

WE is presented in the paper to obtain more accurate state information about a scroll compressor in 

operation. Because the vibration signals from scroll compressors are not sensible to traditional 

time-domain and frequency-domain analysis, two forms of WE, namely wavelet space feature spectrum 

entropy (WSFSE) and wavelet energy spectrum entropy (WESE), are constructed to analyze vibration 
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signals from time-frequency domain to realized fault feature extraction and discrimination. The excellent 

performance of the proposed method is verified through qualitatively analyzing four types of typical 

faulty signals acquired from an operating scroll compressor. Results from the experiment show that the 

presented approach is effective in accurately identifying and depicting four typical faults that occur in 

scroll compressors. 

2. Entropy of Vibration Signal 

2.1. Information Extraction of Continuous Wavelet Transform 

The outcome of continuous wavelet transform of the original signal is a 2D matrix with time-scale 
vector series [27,28]. Assume the wavelet decomposition at scale ( 1,2, )j j M=   is jD , a M N×  

matrix M ND ×  can be constructed by the decomposing results. Apply singular value decomposition 

(SVD) to the matrix M ND ×  and a singular spectrum 1 2{ } ( ( , , ),0)i kdiagδ = δ δ δ  can be derived. Thus, 

WSFSE can be defined as 

1
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where k  is the number of nonzero singular value, M  is the maximum of scale number, jp  represents 

the proportion of j-th singular value in a singular spectrum. WSFSE is capable of quantitatively 

distinguishing time-frequency signals by using SVD method in which the correlated wavelet space is 

mapped to a linearly independent feature space. According to SVD theory, the lower the frequency of 

the components, the less the number of singular value that does not equal zero. Therefore, the less 

complex the analyzed signal, the more concentration of energy and the smaller the value of WSFSE. 

2.2. Information Extraction of Discrete Wavelet Transform 

In this section, wavelet energy spectrum entropy (WESE) is evolved on the basis of Mallat 
decomposition algorithm. Assume a discrete time signal ( )x n  is decomposed by discrete wavelet at 

scale ( 1,2, , )j j M=   at the moment of k  ( 1, 2, , )k N=  , and the detail coefficient ( )jD k  and 

approximation coefficient ( )jA k  can be obtained. Thus, the original signal can be expressed by 
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where ( )MA n  is replaced by 1( )MD n+  to unify symbols. 

The time-frequency domain WESE is usually defined as 
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Traditional entropy analysis can denote the uncertainty of some condition occurring on the whole 

time span, but it fails to analyze the uneven change of energy distribution, moreover, the local nonlinear 

feature and state information of non-stationary signals are unable to be obtained. In the entropy analysis, 

the probability of each state is considered equivalent, this lead to underestimation or ignorance of 

contribution of shock state, which usually has large signal amplitude and small probability of occurrence, 

to the information entropy. 
Therefore, to obtain more accurate state information, a sliding-window nC  ( w  in width) is defined 

upon wavelet restructuring coefficients ( )jD k . Assume a short-term window w N∈ , sliding coefficient 

Nδ∈ , number of moves of the window m N∈ . Then a sliding-window is defined as 

( , , ) { ( ), 1 , , }n jC n w d k k m w mδ = = + δ + δ  (7)

where 1,2 ,m M=  , ( ) δM N w= − . 

Afterwards, the energy sum of high-frequency parts of the testing signal within a sliding-window nC  

at j  scale can be computed at k  moment 
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The total signal energy within the sliding window is defined as 
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where 
2

( )jA k  represents the energy sum of low-frequency parts of the testing signal within the 

sliding-window nC  at the same scale and moment. 

The improved WESE based on sliding-window signal interception thus can be defined as 
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The value of improved WESE changes with number of moves of the sliding window, which enables 

observation of signal features in different windows on a variety of scale spaces. 
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3. Experiment and Analysis 

3.1. Experiment and Vibration Data 

Vibration experiments are performed on prototypes of frequency-converted scroll compressor. The 

parameters of the electric motor are listed in Table 1. An overall view of the testing point distribution on 

the compressor is shown in Figure 1, where 15 piezoelectric sensors are used to acquire the vibration 

data. Sensor 1# is located on the center of the compressor head. Sensor 5# is fixed at the position where 

the two scrolls engage. Sensors 6# is on the positon where the balance is assembled. Sensor 7# is located 

on the compressor shell where the mechanical assembly is mounted. Sensor 8# is on the position where 

roller bearings are set. Sensors 2# to 8# are symmetrically placed with Sensors 9# to 15#. The rotation 

speed of motor ranges from 2000 rpm to 4000 rpm. The sampling frequency is 2000 Hz and the number 

of data points for each signal sample is 1024. 

Table 1. Parameters of electric machine. 

Line frequency(Hz) 60 

Electric current (A) 10 

Rotor slot 34 

Stator slot 24 

Rotational speed (Rpm) 1800–7200 

Slip ratio 0.0417 

Differential frequency (Hz) 2.5 

Fundamental frequency (Hz) 1955 

1 2
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Bearing

Mechanical
assembly

Orbiting scroll

Fixed scroll

 

Figure 1. Overview of the sensor distribution on the scroll compressor. 



Entropy 2015, 17 7081 

 

 

It was found that four types of mechanical faults, namely unbalanced rotor (Sensors 6#), 

malfunctioning scroll (Sensor 5#), loosened mechanical assembly (Sensor 7#), and loosened bearing 

(Sensor 8#), frequently occurred during the operation of the scroll compressor through lots of testing 

experiments and their analysis. The four types of faults under different speeds constitute the fault sample 

set and have been stored in the vibration test bench. 

Figure 2 shows the raw vibration signals acquired from Sensors 5# to 8# located on positions where 

these four faults frequently occur. It can be easily seen that the time-domain vibration signals are heavily 

polluted by background noises. To capture and illustrate any fault characteristics is impossible through 

these time-domain wave-forms. To extract the fault features, the vibration signals need to be demodulated. 

 

Figure 2. Waveforms of the vibration signals: (a) Sensor 6#: unbalanced rotor; (b) Sensor 5#: 

malfunctioned scroll; (c) Sensor 7#: loosened mechanical assembly and (d) Sensor 8#: 

loosened bearing. 

3.2. Analysis of Fault Vibration Signals 

To obtain useful information for vibration monitoring and analysis, the vibration signals from the 
four key positions on the compressor are processed by continuous wavelet transform at scale 64j = , and 

their WSFSEs are illustrated in Figure 2, respectively. 

As shown in Figure 3, a maximum value exists among the first 10-order singular values in the four 

different subgraphs, respectively, and the following entropy values tend to approach zero. In Figure 3a, 

two relatively large entropy values which represent dominant feature components just occur at the first 

two singular values. These feature components may be generated by dynamic eccentricity of the 

operating rotor. The component at the first-order singular value point has the greatest contribution to the 

entropy with a share of 63.25% of the total energy. Figure 3d shows two larger WSFSE values, which 

account for 38.6% and 26.78% of the total energy, respectively, among the first seven-order singular 

values. This phenomenon confirms that such fault features as oil whip and dry friction arise when the energy 

of the loosened bearing is concentrated on multiple harmonic components (2X) and the fundamental 

harmonic component (1X). The above results show that the fault features can be effectively extracted from 

the vibration signal via WSFSE method. 
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Figure 3. Wavelet feature spectrum entropy (WFSE) of the four faults: (a) unbalanced rotor; 

(b) malfunctioned scroll; (c) loosened mechanical assembly; and (d) loosened bearing. 

 

Figure 4. Reconstructed results of the vibration signal: (a) unbalanced rotor;  

(b) malfunctioned scroll; (c) loosened mechanical assembly; and (d) loosened bearing. 
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To further acquire accurate global information and local features in multi-scale space, the four vibration 

signals are processed by multi-resolution one-dimension four-layer disperse wavelet decomposition on 

the basis of the Db2 wavelet because of its best smoothness for given support width. Each vibration 

signal is decomposed and reconstructed to form four signals d1 ~ d4  and an approximating signal a4 to 

extract fault feature via WESE method. The reconstructed results of the vibration signals are illustrated 

in Figure 4, respectively. 

The waveforms in Figure 4 are applied to a sliding window with window-length 100w =  and 

step-length δ 10= . The WESE of the vibration signals are computed and depicted in Figure 5. 

It can be found that entropy value reaches a maximum at sampling point 100 and after that point, the 

entropy value remains relatively stable in Figure 5a. This result indicates that both single feature 

component and energy model occur when the rotor is not properly balanced. Special attention should be 

paid to Figure 5b in which a visual feature representation of malfunctioned scroll is reflected. Before 

sampling point 189, the entropy value remains approximately to 0.02, which indicates that no obvious 

vibration happened at the fixed and orbiting scroll assembly during the stable operation of the 

compressor. At sampling point 190 and 300, the entropy value increases to 0.187 and 0.36, respectively, 

because of the axial vibration of the orbiting scroll and the radial movement of the flexible mechanism in 

the assembly. Between sampling point 600 and 756, the entropy value changes from 0.05 to 0.29. This 

occurrence may result from the uneven appearance of the nonlinear vibration caused by minor liquid 

slugging appearing in the scroll assembly, which leads to an increase of the uncertainty of vibration 

energy distribution and is reflected by entropy value. After that, the influence of liquid slugging on the 

compressor tends to gradually decrease and ends after sampling point 800 with stable entropy value. 

 

Figure 5. Wavelet energy spectrum entropy (WESE) of the four faults: (a) unbalanced rotor; 

(b) malfunctioned scroll; (c) loosened mechanical assembly and (d) loosened bearing. 

Figure 5c shows that four feature components occur in the fault of loosened assembly. Comparatively, 

there are seven feature components with larger entropy value that occur in the fault of the loosened 

bearing, as shown in Figure 5d. This result reveals that there are more frequency components and their 
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construction is more complicated with the fault of a loosened bearing than those in the fault of  

loosened assembly. 

The above results demonstrate that the variation of the vibration pattern and the uncertainty of 

vibration energy distribution are sensitively detected using the WSFSE and WESE method. The 

reference samples of WSFSE and WESE for the four typical mechanical faults in the scroll compressor 

at the speed of 3400 rpm are listed in Table 2. 

The WSFSE and WESE methods are applied to extract fault features which are very difficult to be 

obtained by traditional frequency spectrum and power spectrum analysis. From Table 2, it is found that 

both WSFSE and WESE are relatively small in the fault of unbalanced rotor. Because when this kind of 

fault happens, the fundamental frequency based vibration is characterized by a single vibration pattern 

and concentrated energy, which leads to less uncertainty of the energy distribution. The cause of the fault 

may be the variation of the supporting force of the rotor generated by its uneven mass distribution and 

shifted center of mass. 

Table 2. Wavelet entropy value of the fault sample at 3400 rpm. 

 WESE/Bit WSFSE/Bit 

Unbalanced rotor 1.2924 2.9594 
Malfunction scroll 1.8749 4.0311 

Loosened mechanical assemby 2.3637 4.1932 
Loosened bearing 2.6864 4.8598 

For the fault of malfunctioned scrolls, relatively concentrated vibration energy appear in WSFSE and 

WESE analysis because liquid slugging within compressing chambers formed by both orbiting and fixed 

scrolls, as well as sympathetic vibration at their natural frequencies. The two combined causes result in 

unstable engagement of the scrolls and a larger vibration amplitude. 

There are more frequency components and larger entropy values in the fault of loosened mechanical 

assembly. This may due to axial and radial frictions between rotating and fixed mechanical components 

within a loosened assembly during the long-term operation of the scroll compressor. 
Likewise, In the fault of loosened bearing many vibration components, such as 1 2X , 3 2X , 1X , 

…, 4X , are generated because of excessive bearing wear or clearance, unsuitable bearing design, and 

varying parameters of lubricating oil. The resulted non-linear vibration appears non-uniformly in the 

time domain. Therefore, when this fault takes place, the complexity of the vibration energy distribution, 

which is reflected by the entropy value, is the largest among the four faults considered. 

4. Conclusions 

An approach to the fault identification of scroll compressors by WE is presented to overcome the 

shortcomings of the traditional spectrum analysis. Experimental study verifies that the proposed method 

can effectively extract significant fault features. The following conclusions are made as a result of the 

fault feature extraction of the scroll compressor using the combined approach of WFSE and WESE. 

(1) Four types of typical mechanical faults during the operation of a frequency-converted scroll 

compressor are effectively identified. The feature components and energy distribution of each fault is 

accurately revealed. 
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(2) Using the presented method provides reference samples and fundamental data for fault diagnosis 

of the scroll compressors. Furthermore, it will provide a solid stepping stone for a high quality design of 

scroll compressors, covering the structure design, key component optimization, manufacturing, and 

assembly aspects. 
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