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Abstract 

The vibration signals for rotating machines are generally polluted by excessive noise and can lose 

the fault information at the early development phase. In this paper, an improved denoising 

technique is proposed for early faults diagnosis of rolling bearing based on the complete ensemble 

empirical mode decomposition (CEEMD) and adaptive thresholding (ATD) method. Firstly, the 

bearing vibration signals are decomposed into a set of various intrinsic mode functions (IMFs) 

using CEEMD algorithm. The IMFs grouping and selection are formed based upon the correlation 

coefficient value. The noise-predominant IMFs are subjected to adaptive thresholding for 

denoising and then added to the low-frequency IMFs for signal reconstruction. The effectiveness 

of the proposed method denoised signals are measured based on kurtosis value and the envelope 

spectrum analysis. The presented method results on experimental datasets illustrate that the 

proposed approach is an effective denoising technique for early fault detection in the rolling 

bearing. 

Keywords: CEEMD; ATD; Kurtosis; Envelope Spectrum; IMFs 

 

I. Introduction 

Rotating machinery performs a crucial part in various industrial and automobile applications. 

Rotating machines such as rolling bearings are vital components, which determine the operating 

states of the system. A defect in bearing, if remain undetected can lead to catastrophic failure of 

the machinery [1]. The monitoring of such components is necessary, as they directly affect the 
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production and maintenance cost. Therefore, effective fault diagnosis of rotating machinery has 

been provided adequate attention by the research fraternity. 

 The analysis of vibration signals is a prominent technique which is extensively used in fault 

detection by monitoring the changes in the characteristic defect frequency of rotating machinery 

[2]. This measurement technique can be categorized as time-domain, frequency-domain, and time–

frequency-domain. The simplest approach for fault diagnosis of rotating machine is by extracting 

the time-domain features such as mean, root mean square, kurtosis, crest factor etc. [3]. The 

kurtosis parameter is widely used in the bearing fault diagnosis. The kurtosis value for the healthy 

bearing is equal to or less than three and higher than three for the defective bearing, which produces 

the cycle of impact repeated periodically [4]. However, it does not define the nature and the 

location of the fault type.  Therefore, another advanced technique is required, such as envelope 

spectrum analysis. Envelope analysis is an effective technique to obtain a characteristic defect 

frequency of the bearing. However, the vibration signals are generally polluted by excessive noise 

and can lose the bearing fault information in the early development phase. The early fault detection 

by conventional techniques such as kurtosis or envelope spectrum with noisy vibration signal 

becomes very difficult [5], [6]. Therefore, the denoising is required to enhance the signal quality 

and kurtosis parameter sensitivity, and the envelope spectrum performance. 

The vibration signal excited by local defects of bearings shows non-stationary behavior. 

Empirical mode decomposition (EMD) proposed by Huang et al. [7] is an effective method for 

analyzing the non-stationary and nonlinear signals. It is widely used in the field of bearing fault 

diagnosis. Rai & Mohanty utilize the Hilbert–Huang transform (HHT) or EMD for bearing fault 

diagnosis, which gives multi-resolution of signal in various frequency scales. They consider FFT 

analysis for each IMFs from the EMD process to enhance the Hilbert transform (HT) efficiency in 

the frequency domain [8]. Zhao et al. proposed an algorithm based on EMD and wavelet shrinkage, 

which accurately estimates the rolling bearing instantaneous rotational frequency. They 

decomposed the signals by EMD to produce a series of IMFs. The noise-dominant IMFs are then 

selected for denoising by soft thresholding and then added to the remaining IMFs for signal 

reconstruction. Their model shows better integrity of the signal, high signal to noise ratio, and 

highlights the fault features [9]. Effective IMFs are chosen according to the correlation coefficients 

values[10] and then are subjected to envelope analysis for signal demodulation for the early fault 
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diagnosis of rolling bearings [11]. However, this technique is unstable because of the selection of 

too strong and weak IMFs. Abdelkader et al. proposed an effective method for bearing fault 

diagnosis. They utilize the EMD approach to decompose the signal into IMFs. The effective modes 

are selected based on the trip point, which is defined by analyzing each mode's energy content with 

respect to the white noise characteristics. The singular IMF is selected by comparing the average 

energy of selected IMFs with the unselected IMFs. Then, the singular selected IMF is subjected to 

optimized thresholding to obtain a denoised signal. Their method effectiveness is measured by the 

kurtosis and the envelope analysis [12][13].  

However, the major drawbacks of the EMD process are mode mixing and aliasing [14][15]. 

To address the problem that arises in the EMD process, Wu and Huang proposed a new noise-

assisted data analysis technique, commonly known as Ensemble empirical mode decomposition 

(EEMD) [15]. Yaguo Lei et al. [16] present the EEMD method application to rotor fault diagnosis 

in the rotating machinery. The EEMD methods provide better results as compared to EMD for 

fault diagnosis. To further improve the mode mixing, over decomposition, and residual noise in 

IMFs, an adaptive technique was proposed known as complete ensemble empirical mode 

decomposition (CEEMD).  Meijiao Li et al. utilizes the CEEMD approach for fault diagnosis of 

rolling bearing [17]. Recently various work has been carried out using CEEMD and machine 

learning techniques for fault diagnosis and prognosis as well.  Lu et al. analyze the defect severity 

of bearing using CEEMD and Kernal SVM [18].  Liu et al. propose a new method for fault 

diagnosis and classification based on energy moment feature using CEEMD and probabilistic 

neural network and particle swarm optimization, optimized by linear decreasing weight [19]. 

Recent work shows that the CEEMD algorithm is an effective signal decomposition method for 

fault information and feature extraction. Therefore, CEEMD is used in the presented work for the 

signal decomposition of bearing signal under the influence of white Gaussian noise. 

In this work, to eliminate the selection of too strong and weak modes, IMFs grouping is 

formed based on the correlation coefficient value. The noise predominant and low-frequency 

informative IMFs are selected for further processing. The noise-predominant IMFs are then 

subjected to thresholding operation.  In hard and soft thresholding, any values in the signal smaller 

than the threshold are considered noise and are further set to zero. However, some of the values 

are smaller than the threshold belongs to a useful part of the signals, and it should be retained to 
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prevent the loss of local information about the bearing fault. The denoising of non-stationary 

vibration signals is commonly carried out by using the wavelet transform (WT) and the EMD 

approach [20]. In the wavelet transform, the appropriate selection of the mother wavelet and the 

decomposition level are two essential parameters for signal denoising. However, selecting these 

parameters are difficult task, and its results may have certain randomness [21][22]. In this work, 

Wavelet soft thresholding with symlet-2 and four levels of decomposition is used to denoise the 

selected IMFs and finally compared with ATD.  The WTD thresholding shows better continuity 

of signal, but few periodic impulses are observed, missing which can lead to loss of information. 

So, To ease the thresholding operation, an adaptive thresholding method based on the 3σ criterion 

for threshold value determination and peak filtering technique [23] is used in this work for 

retaining maximum fault information of the bearing.  

In this paper, an improved denoising method is proposed for early fault detection of rolling 

bearing. The novelty of this work is the combination of the existing CEEMD decomposition 

method with adaptive thresholding and peaking filtering method for bearing fault diagnosis. This 

paper also defines the correlation coefficient-based threshold for the effective selection of bearing 

IMFs. The summary of work are as follows: Firstly, bearing signals are decomposed into various 

intrinsic modes of functions (IMFs) by complete ensemble empirical mode decomposition 

(CEEMD). IMFs grouping and selection are made based upon the correlation coefficient. Then, 

the selected noise predominant IMFs are de-noised by adaptive thresholding based on the 3σ 

criterion for threshold value determination and peak filtering technique. Finally, the denoised 

signal is obtained by adding denoised IMFs and low-frequency IMFs and then subjected to 

envelope spectrum analysis to extract the rolling bearing fault frequencies.  

The organization of this paper is as follows: Section 2 briefly introduces the signal 

decomposition method. In Section 3, the proposed methods are introduced. In Section 4, the 

application of the proposed method in experimental data is explained. In Section 5, results and 

discussions are given. Section 6 concludes the paper. 

 

II. Signal Decomposition Method 

Empirical Mode Decomposition (EMD) is an effective method to decompose a nonlinear and non-

stationary signal into a finite number of IMFs and a residue without leaving the time domain [7].  
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An IMF must satisfy the following two conditions: 

1. The number of extrema and zero-crossings should be either equal or differ by one. 

2. The mean value of the envelopes defined by local maxima and local minima is zero. 

For a given signal x (t), the EMD algorithm can be described in the following steps:  

 

Step 1: To extract all the local extrema (i.e., maxima and minima) from the signal. 

 

Step 2: To obtain upper envelope u (t) and lower envelope l (t) by connecting extrema using 

cubic splines. 

 

Step 3: Determine the mean of splines (𝑚1) 

 𝑚1 = (𝑢(𝑡) + 𝑙(𝑡))/ 2 2.1 

 

Step 4: To obtain a new signal (𝑐1) by subtracting the mean (𝑚1)  from the original signal 

 𝑐1 = 𝑥(𝑡) − 𝑚1 

 

2.2 

Step 5: Check if 𝑐1 is an IMF  

 

• If 𝑐1 satisfies the EMD conditions, then save 𝑐1 as the first IMF component else treat 𝑐1 as the original signal. 

 

Step 6:  If 𝑐1 is not IMF, then steps (1-5) are repeated for kth times until 𝑐1𝑘 becomes an IMF 

 𝑐1𝑘 = 𝑐1(𝑘−1) − 𝑚1𝑘 

 

2.3 

Where, 𝑐1𝑘 is the first IMF of the signal and 𝑚1𝑘 is the mean of the upper and lower envelope 

of 𝑐1(𝑘−1). 
 

Step 7: Calculate the residue  
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𝑟1 = 𝑥 − 𝑐1𝑘 

 

2.4 

Now, residue 𝑟1 is considered as the original signal and repeats the procedure mentioned above 

to get the next IMF component. The above process is continued for nth  times until the final residue 𝑟𝑛  becomes monotonic function or constant, i.e., no further IMF can be extracted from the residue 

signal.  

Finally, the signal x(t) can be expressed in terms of IMFs and residue as follow: 

 𝑥(𝑡) = ∑ 𝐼𝑀𝐹𝑖𝑛
𝑖=1 + 𝑟𝑛 

 

2.5 

Where, n is the number of IMF components. 

However, EMD includes mode aliasing and over decomposition problems. In order to 

overcome this, CEEMD is used. 

In this method, two sets of white Gaussian noise are added to the original signal with opposite 

signs. CEEMD can remove the residual noise in the IMFs and improves computational efficiency. 

The CEEMD process is described in the following steps: 

1. The white Gaussian noise with opposite signs is added to the original signal x(t). The 

obtained two signals are: {𝑥+𝑗 = 𝑥(𝑡) + 𝑤𝑗(𝑡)𝑥+𝑗 = 𝑥(𝑡) − 𝑤𝑗(𝑡) ,  j =1,2,3,…,n 

 

Where,  𝑤𝑗(𝑡) is the white gaussian noise with jth noise realization.  
 

2.6 

2. The two signals such as 𝑥+1 and 𝑥−1 are decomposed by EMD separately, and two sets of 

components 𝐼𝑀𝐹+1𝑖 , 𝐼𝑀𝐹−1𝑖 are achieved.  

 

3. The above steps are repeated for nth times, and n sets of 𝐼𝑀𝐹+𝑗𝑖 & 𝐼𝑀𝐹−𝑗𝑖  are obtained. 
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4. Finally, the decomposition results are obtained by taking averaging operation for n sets of 𝐼𝑀𝐹+𝑗𝑖 & 𝐼𝑀𝐹−𝑗𝑖 components. 

𝐼𝑀𝐹𝑖 =  12𝑛 ∑(𝐼𝑀𝐹+𝑗𝑖 + 𝐼𝑀𝐹−𝑗𝑖)𝑛
𝑗=1  

 

 

2.7 

III. The Proposed Denoising Method  

 

Recently, various works are conducted for bearing fault diagnosis by realizing the problem of IMF 

selection and the choice of thresholding operation for denoising the signals. The proposed method 

allows selecting a noise-predominant IMFs and low-frequency informative IMFs that carry the 

maximum fault information. The selected noise predominant modes are subjected to an adaptive 

thresholding method to remove excessive noise. Finally, signals are reconstructed using denoised 

IMFs and low-frequency IMFs. A flowchart of CEEMD-ATD (proposed method) for early fault 

detection in the bearing is described in Figure 1. 

 

 

 

Figure 1: Flow Chart of CEEMD-ATD (Proposed method) for Bearing Fault Diagnosis. 
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Once the raw signals are decomposed by CEEMD and sets of IMFs are obtained. IMFs 

grouping and selection, thresholding operation, and signal reconstruction are carried out as 

explained in the subsequent points. 

  

1. IMFs Grouping 

 

CEEMD method decomposes the bearing signal into multiple IMFs and residuals. The selection 

of proper IMFs is necessary to extract useful information about the bearing fault. In this work, the 

correlation coefficient is used to select and classify IMFs. 

 

For the given signal 𝑥(𝑛)  and 𝑦(𝑛), the correlation coefficient is defined as 

 𝜌𝑥𝑦 = ∑ (𝑥(𝑛) − x̅)(𝑦(𝑛) − �̅�)      𝑁𝑛=1√∑ 𝑥(𝑛) − x̅𝑁𝑛=1 √∑ 𝑦(𝑛) − �̅� 𝑁𝑛=1  

 

 

3.1 

Where, x̅ and �̅� is the mean of the signal 𝑥(𝑛)  and 𝑦(𝑛), respectively. 𝜌𝑥𝑦 is the correlation 

coefficient value between the two signals x and y. 

 

In this work, IMFs are classified into four groups are as noisy IMFs, noise predominant IMFs, 

low-frequency IMFs, and residuals, respectively, based on correlation coefficient value. Table 1 

shows the correlation coefficient (CC) values and their interpretation. The CC of each IMF and 

the original signal are calculated. The value of CC in between 0.9 to 1 indicates that the IMFs are 

highly correlated to the original signal and can be considered as a noisy original signal, and it 

displays the same behavior as the original signal. So, extremely high positive correlated IMFs are 

discarded for denoising and signal reconstruction. IMFs having CC values in between 0.5 to 0.9 

are considered as noise predominant IMFs, and values in between 0.3 to 0.5 are considered as low-

frequency IMFs and are considered for further processing. Whereas IMFs with CC value less than 

0.3 are showing negligible correlation and carries no relevant information about bearing fault. 

Therefore, it is discarded for signal reconstruction. 
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Table 1: Interpretation of correlation coefficient value 

 

Correlation 

coefficient Value 

Normal Interpretation Interpretation in terms of Bearing 

IMFs 

0.90 to 1.00  Extremely high positive correlation Noisy IMFs 

0.70 to 0.90  High positive correlation  

Noise Pre-Dominant IMFs 0.50 to 0.70 Moderate positive correlation 

0.30 to 0.50  Low positive correlation Low-frequency IMFs 

0.00 to 0.30  negligible correlation Residual (Discard) 

 

 

2. Adaptive Thresholding Method based on the 3σ Criterion 

 

IMF with the highest kurtosis value contains useful information about fault, but they are generally 

contaminated with excessive noise, and the noises are present in the signal in smaller values. 

Therefore, in the signal denoising process, the first step is to establish a threshold value between 

the useful information and the noises in the signals. In this work, the threshold value is set for 

bearing signals based on the 3σ criterion. The adaptive threshold determination method procedure 

is described in the following steps: 

 

Step1: Calculate the standard deviation of the IMF (𝜎𝑜): 

 

 

𝜎𝑜 = √ 1𝐾 − 1 ∑(𝐼𝑀𝐹(𝑘) − 𝐼𝑀𝐹(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )2𝐾
𝑘=1  

 

 

 

3.2 

 

Where, K is the length of the IMF and 𝐼𝑀𝐹(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the mean of the IMF(k). 

 

Step2:  Remove the value that is greater than 3𝜎𝑜 from the absolute  𝐼𝑀𝐹(𝑘) − 𝐼𝑀𝐹(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . Now, 

the remaining values are treated as a new noisy signal 𝐼𝑀𝐹1(𝑘).  
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Step3: Calculate the standard deviation for the new noisy signal 𝐼𝑀𝐹1(𝑘)  represented by 𝜎1. 
 

 

𝜎1 = √ 1𝐾1 − 1 ∑(𝐼𝑀𝐹1(𝑘) − 𝐼𝑀𝐹1(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)2𝐾1
𝑘=1  

 

 

 

3.3 

Where, 𝐾1 is the length of the remaining values, i.e., new noisy signal 𝐼𝑀𝐹1(𝑘). 

 

Step 4: In general, the absolute value in  𝐼𝑀𝐹𝑖−1(𝑘) − 𝐼𝑀𝐹𝑖−1(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  remove the values which 

are greater than 3𝜎𝑖−1. The remaining values are treated as a new noisy signal 𝐼𝑀𝐹𝑖(𝑘) of length 𝐾𝑖, which is the number of remaining values. Now, the standard deviation (𝜎𝑖)  for new noisy 

signal 𝐼𝑀𝐹𝑖(𝑘) is given by 

 

𝜎𝑖 = √ 1𝐾𝑖 − 1 ∑(𝐼𝑀𝐹𝑖(𝑘) − 𝐼𝑀𝐹𝑖(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)2𝐾𝑖
𝑘=1  

 

 

 

    3.4 

Step 5: Steps 1-3 are repeated until there is no value in absolute  𝐼𝑀𝐹𝑖(𝑘) − 𝐼𝑀𝐹𝑖(𝑘)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ greater 

than 3𝜎𝑖. Now, 3𝜎𝑖 is determined as the final threshold value. 

 𝜆 =  3𝜎𝑖 
 

 

3.5 

Where, 𝜆 is the final threshold value. 

 

In this method, at every phase of iteration, calculated 3σ decreases gradually, and much "pure 

Noise" will be screened out. Therefore, the last 3𝜎𝑖 represents the final threshold. This threshold 

value will be used in the peak filtering denoising method. 
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3. Peak Filtering Denoising Method 

 

In hard and soft thresholding, if any value in the signal is smaller than the threshold, it is considered 

noise and set to zero. However, some of the values smaller than the threshold belongs to the useful 

parts of the signal, and it should be retained to prevent the loss of local information about bearing 

fault. The common methods for denoising of non-stationary signals are wavelet transform and 

EMD. In the wavelet transform, the appropriate selection of mother wavelet and decomposition 

level are essential parameters for denoising the non-stationary signal.  However, the selection of 

these two parameters for the denoising process is a difficult task. In this work, the peak filtering 

technique is used to ease the thresholding operation and retain maximum information from 

denoised signals. The peak filtering method working is explained in the form of a flow chart as 

shown in figure 2. 

 

 

Figure 2: Flow chart shows the working of the peak filtering denoising Method. 
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Noise predominant IMFs are subjected to peaking filtering denoising methods. In this method, 

local maxima and minima are calculated for each noise predominant IMFs. The absolute values of 

the local maxima and minima, i.e., extrema values, are compared with the adaptive threshold value 

λ determined by the 3σ criterion method. The extrema, whose absolute values are smaller than the 

threshold are assigned zero, and values above the threshold are returned as it is, and the processed 

IMF is obtained. The signal's length remains the same as of original signal to prevent the aliasing 

problem. This process is repeated until there is no more extrema value remaining in the signal to 

be set to zero. Finally, the remaining processed IMF is considered a denoised IMF.  Therefore, 

filtering the peaks repeatedly, which is smaller than the threshold value, reduces the noise in 

bearing signals and retains the maximum fault information. 

 

IV. Application to Experimental Data 

The proposed method performance is tested on a bearing dataset provided by Case Western 

Reverse University (CWRU) for fault detection and identification. The test facility layout by 

CWRU is shown in Figure 3 [24]. It consists of a two HP electric motor and dynamometer 

configuration connected with a shaft. The torque transducer and encoder are mounted in the shaft. 

The Load is being applied to the motor with the help of a dynamometer. 

 

 

Figure 3:  CWRU bearing test rig [24] 
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Table 2: Geometrical characteristics of ball bearing 

Parameter  Value 

Inside diameter  25 mm 

outside diameter  52 mm 

Thickness  15 mm 

Pitch diameter  39 mm 

Ball diameter  8 mm 

Number of Rolling bodies 9 

Contact angle 0 rad 

 

The vibration signals of ball bearings used in this article are of type 6205-2RS JEM SKF, and 

its geometrical specifications are given in Table 2. For the test, a fault diameter of 0.1778 mm on 

drive end bearing is selected in this paper. The faults are artificially seeded on the motor's drive 

end bearing by using electro-discharge machining (EDM). In this test facility, different sets of 

faulty bearings are used that are reinstalled to the motor for testing, and the vibration signals are 

measured.  The motor bearing is tested for four different speeds of 1797, 1772, 1750, and 1730 

rpm, respectively, with a sampling frequency of 48000 Hz is chosen in this paper.  

The rolling element bearing with defect produces a cycle of impacts, which is repeated 

periodically at a rate known as the bearing frequencies. Each bearing component exhibits a unique 

defect frequency that depends on the geometric characteristics of the bearing. In this work, the 

vibration signals are corresponding to the bearing with inner race fault (IRF), outer race fault 

(ORF), and healthy bearing (HB). 

BPFO (Ball Pass Frequency Outer) corresponds to the number of balls passing through a crack 

present in the outer race each time when the shaft is making a complete rotation. The characteristic 

frequency for ORF is calculated by using the following equation 

𝐵𝑃𝐹𝑂, 𝐹𝑜 = 𝑛2 × 𝑓𝑠 × (1 − 𝑑𝐷 𝑐𝑜𝑠𝜑) 

 

4.1 
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BPFI (Ball Pass Frequency Inner) generally corresponds to the number of balls passing 

through a crack present in the inner race track each time the shaft is making a complete rotation. 

The characteristic frequency for IRF is calculated by using the following equation 

𝐵𝑃𝐹𝐼, 𝐹𝑖 = 𝑛2 × 𝑓𝑠 × (1 + 𝑑𝐷 𝑐𝑜𝑠𝜑) 

 

4.2 

Where,  𝑓𝑠 is the rotational frequency of the shaft in rad/s, d is the diameter of rolling 

bodies, D is the pitch diameter, n is the number of rolling bodies, and 𝜑 is the contact angle. By 

substituting the parameter values of the bearing as given in table 2 in equation 4.1 and 4.2, 

respectively, the fault frequencies such as 𝐹𝑜 and 𝐹𝑖  are calculated at different speeds are presented 

in Table 3. 

Table 3: Calculated Fault Frequencies 

Motor speed (rpm)   BPFI, 𝑭𝒊 (Hz) BPFO, 𝑭𝒐 (Hz) 

1797 162.44 107.10 

1772 160.18 105.61 

1750 158.20 104.30 

1730 156.36 102.93 

 

V. Results and Discussion 

This section discusses the result of CEEMD +ATD (Proposed Method) as applied to CRWU 

bearing dataset for early fault diagnosis. To validate the effectiveness of the proposed method, the 

result of the denoised signal is compared with the two other conventional methods based on 

kurtosis value. 

The bearing signals with IRF, ORF, and HB for motor speed running at 1797 rpm are shown 

in figure 4. In this work, CEEMD is used for a different set of Gaussian white noise (refer to 

equation 2.7) for bearing signals decomposition. The result of the first 8 IMFs of decomposed 

signal for IRF, ORF, and HB running at 1797 rpm are shown in figures 5, 6, and 7. 
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Figure 4: Original Signals (a) Healthy Bearing (b) Bearing with Inner Race Fault and (c) Bearing with 

Outer Race Fault 

 

Figure 5:  Inner race fault signal decomposed by CEEMD 
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Figure 6:  Outer race fault signal decomposed by CEEMD 

 

Figure 7:  Healthy bearing signal decomposed by CEEMD 

The CC is calculated for each IMFs with respect to the original signal for IRF, ORF, and HB, 

respectively, as mentioned in Tables 4, 5, and 6, respectively. The signal with CC value above 0.9 

coincides with the original signal and is treated as a noisy original signal and consideration of such 
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IMFs create redundancy as shown in Figures 8 and 9. So, too strong IMFs are discarded for signal 

reconstruction. 

 

Figure 8: IMF vs Original signal for Inner race fault 

 

Figure 9: IMF2 vs Original signal for outer race fault 

In the case of IRF, based on CC values as shown in table 4, IMF1 and IMF3 are selected as 

noise-predominant IMFs for adaptive thresholding and signal reconstruction for motor running at 

1797 and 1772 rpm, respectively. However, IMF1, IMF2, and IMF3 are selected as noise-
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predominant IMFs for adaptive thresholding and signal reconstruction for motor speed running at 

1750 and 1730 rpm, respectively.  

Table 4: Correlation coefficient of inner race fault signal IMFs and the original signal rotating at 4 

different speed 

 

In the ORF case, the CC value of IMF2 is larger than 0.9, as shown in table 5. IMF3 to IMF8 

having CC values less than 0.3 exhibits negligible correlation. Therefore, it should be removed. 

Finally, single noise predominant IMF1 is selected for adaptive thresholding and signal 

reconstruction for motor speed running at 1797, 1772, 1750, and 1730 rpm, respectively. 

Table 5: Correlation coefficient of outer race fault signal IMFs and the original signal rotating at 4 

different speed 

 

In the case of HB, based on CC values as shown in table 6, IMF2 and IMF3 are selected as 

noise-predominant IMFs for adaptive thresholding, and IMF1, IMF4, and IMF 5 are selected as 

low-frequency informative IMFs for signal reconstruction for motor running at 1797 rpm. IMF2 

Inner Race Fault 

 

Motor speed 

Correlation coefficient 

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 

1797 0.5955 0.9018 0.5339 0.2606 0.1140 0.0273 0.0016 -0.0001 

1772 0.5346 0.9040 0.6230 0.2784 0.1561 0.0299 0.0041 0.0004 

1750 0.5219 0.8902 0.6315 0.2812 0.1686 0.0344 0.0051 0.0004 

1730 0.5356 0.8646 0.6259 0.2989 0.1781 0.0285 0.0034 -0.0003 

Outer Race Fault 

 

Motor speed 

Correlation coefficient 

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 

1797 0.6712 0.9897 0.2965 0.0320 0.0198 0.0049 0.0005 0.0002 

1772 0.6525 0.9920 0.2877 0.0324 0.0201 0.0039 0.0004 -0.0001 

1750 0.6747 0.9929 0.2811 0.0322 0.0167 0.0068 0.0005 0.0003 

1730 0.6559 0.9909 0.2978 0.0398 0.0189 0.0077 0.0003 -0.0001 
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is selected as noise-predominant IMFs for adaptive thresholding, and IMF1, IMF3, IMF4, and IMF 

5 are chosen as low-frequency informative IMFs for signal reconstruction for motor running at 

1772, 1750, and 1730 rpm. 

Table 6: Correlation coefficient of healthy bearing signal IMFs and the original signal rotating at 4 

different speed 

Healthy Bearing 

 

Motor speed 

Correlation coefficient 

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 

1797 0.3480 0.8016 0.5209 0.3376 0.3113 0.1200 0.0091 0.0008 

1772 0.3768 0.6574 0.4193 0.3903 0.4880 0.1606 0.0071 0.0005 

1750 0.4532 0.6529 0.3922 0.3865 0.4493 0.1657 0.0120 0.0008 

1730 0.4775 0.6543 0.4290 0.3995 0.4133 0.1471 0.0093 0.0012 

 

Once, the denoised signals are obtained for bearing with IRF, ORF, and HB. The kurtosis and 

envelope spectrum analysis is performed on the denoised signal, as explained in the subsequent 

paragraphs considering the three cases such as IRF, ORF, and HB. 

1. Case1: Bearing Signal with Inner Race Fault (IRF) 

The bearing signals with IRF for motor speed running at four speeds of 1797, 1772, 1750, and 

1730 rpm, respectively, are decomposed by CEEMD and ATD. The signals denoised by proposed 

methods are presented in figure 10. Figure 11 shows the comparison between WTD and ATD for 

inner race fault signal. WTD result shows better continuity of signal but missed some of the fault 

impulses which may lead to loss of information. However, the proposed ATD captured all the fault 

impulses and can extract maximum fault information. 

The kurtosis values are calculated for denoised signals by the proposed method and compared 

with the two other conventional methods, as shown in figure 12. The original signals kurtosis 

values are 6.01, 7.40, 7.39, and 6.95 at rotating speeds of 1797, 1772, 1750, and 1730 rpm. The 

denoised signals kurtosis values by conventional method-1 [9] are 5.41, 16.79, 16.46, and 14.62 

whereas, conventional method-2 [12] are 89.06, 65.60, 70.99, and 60.99 at rotating speeds of 1797, 

1772, 1750, and 1730 rpm, respectively. The kurtosis values for the proposed method denoised 

signals are 171.33, 127.90, 73.94, and 61.75 at rotating speeds 1797, 1772, 1750, and 1730 rpm, 
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respectively.  It is clearly observed from the kurtosis value comparison, as shown in figure 12, that 

the proposed method shows significant improvement in the sensitivity of the kurtosis parameter to 

identify the fault in an early way as compared to the two other conventional methods. The proposed 

methods denoised signal is then subjected to envelope spectrum analysis running at four different 

speeds, as shown in figure 13.  The results obtained by envelope spectrum analysis indicates that 

the peaks and their harmonics appear at the shaft rotational speed (Fr) and BPFI (Fi). The peak 

frequencies by the proposed method are equal to the calculated values presented in table 3. The 

existence of peak at BPFI (Fi) and its harmonics reveals that there is a defect present in the inner 

race of the bearing.  

 

 

Figure 10: Denoised signals of bearing with inner race fault running at 4 different speed by the proposed 

method 
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Figure 11: Inner Race fault signal denoised by WTD and ATD. 

 

 

Figure 12: Kurtosis value comparison for Inner race fault 
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Figure 13: Envelope Spectra analysis of bearing with inner race fault signal by the proposed method. 

2. Case2: Bearing Signal with Outer Race Fault (ORF) 

CEEMD and ATD decompose the bearing signals with ORF for motor running at four speeds 

1797, 1750, 1772, and 1730 rpm. The ORF signals denoised by the proposed method are shown 

in figure 14. Figure 15 shows the comparison between WTD and ATD for outer race fault signal. 

WTD result shows better continuity of signal but missed some of the fault impulses which may 

lead to loss of information. However, the proposed ATD captured all the fault impulses and can 

extract maximum fault information. 

The kurtosis values are calculated for denoised signals by the proposed method and compared 

with the two other conventional methods, as shown in figure 16. The original signals kurtosis 

values are 6.80, 6.90, 7.009, and 7.25 at rotating speeds of 1797, 1772, 1750, and 1730 rpm. The 

denoised signals kurtosis values by conventional method-1 [9] are 48.37, 48.90, 44.20 and 43.78 

whereas, for conventional method-2 [12] are 67.69, 86.96, 65.39 and 70.97 at rotating speeds 1797, 

1772,  1750, and 1730 rpm, respectively. The kurtosis values for the proposed method denoised 
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signals are 276.46, 242.33, 213.70, and 311.10 at rotating speeds of 1797, 1772, 1750, and 1730 

rpm, respectively.  It is clearly observed from the kurtosis value, as shown in figure 16, that the 

proposed method shows significant improvement in the sensitivity of the kurtosis parameter to 

identify the fault in an early way as compared to the two other conventional methods. The proposed 

method denoised signals are then subjected to envelope spectrum analysis running at four different 

speeds, as indicated in figure 17.  The envelope spectrum analysis results indicate that the peaks 

and their harmonics appear at the shaft rotational speed (Fr) and BPFO (Fo). The peak frequencies 

by the proposed method are equal to the calculated values presented in table 3. The existence of 

peaks at BPFO (Fo) and its harmonics reveals that there is a defect present in the outer race of the 

bearing.  

 

 

Figure 14: Denoised signals of bearing with outer race fault running at 4 different speed by the proposed 

method 
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Figure 15: Outer Race fault signal denoised by WTD and ATD. 

 

 

Figure 16: Kurtosis value comparison for outer race fault 



25 

 

 

Figure 17: Envelope Spectra analysis of bearing with outer race fault signal by the proposed method. 

 

3. Case3: Healthy Bearing (HB) Signal 

The HB signals for motor running at a speed of 1797, 1750, 1772, and 1730 rpm, respectively, are 

decomposed by CEEMD and ATD. The signals denoised by proposed methods are presented in 

figure 18.  

 

The kurtosis values are calculated for denoised signals by the proposed method and compared 

with the two conventional methods, as shown in figure 19. The original signals kurtosis values are 

2.80, 2.92, 2.90, and 2.94 at rotating speeds of 1797, 1772, 1750, and 1730 rpm. The  kurtosis 

values for the denoised signals by conventional method-1 [9] are 2.81, 2.96, 2.96, and 2.95, 

whereas for conventional method-2 [12] are 2.85 2.92, 2.95, and 3.05 at rotating speeds 1797, 

1772, 1750, and 1730 rpm, respectively. The kurtosis value for the signals denoised by proposed 

methods are 3.02, 2.97, 2.98, and 3.15 at rotating speeds 1797, 1772, 1750, and 1730 rpm, 

respectively. The proposed method denoised signals are then subjected to an envelope spectrum 
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analysis running at four different speeds, as shown in figure 20.  The results obtained by the 

envelope spectrum analysis indicate that the peaks and harmonics appear only at the shaft 

rotational speed (Fr). The existence of peak at shaft rotational speed and kurtosis values close to 

three indicates that there is no defect in the bearing. 

 

Figure 18: Denoised signals of healthy bearing running at 4 different speed by the proposed method 

 

Figure 19: Kurtosis value comparison for healthy bearing  
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Figure 20: Envelope Spectra analysis of healthy bearing signal by the proposed method. 

VI. Conclusion 

This paper presents an improved denoising method for early fault diagnosis of rolling bearing 

based on CEEMD and ATD methods. Firstly, the signal is decomposed by CEEMD into a various 

set of intrinsic mode functions (IMFs). In this method, based on correlation coefficient values, 

bearing IMFs are classified into four types, such as Noisy IMFs, Noise predominant IMFs, low-

frequency informative IMFs, and residuals. Noisy IMFs show an extremely high positive 

correlation with the original signal and are treated as noisy original signals. Therefore, it is 

discarded for signal reconstruction. The selected noise predominant IMFs are subjected to adaptive 

thresholding and added to the low-frequency IMFs to obtain a denoised signal. The kurtosis value 

and the envelope spectrum analysis are applied to the denoised signal to detect the presence of a 

fault and its location in early manner for rolling bearing. Finally, the proposed method 

effectiveness is measured by comparing the result with the two other conventional methods based 

on kurtosis value and envelope spectrum analysis. The proposed method shows significant 

improvement in the kurtosis parameter value compared to the two other conventional methods. 
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This indicates that the proposed method is an effective technique than the other two conventional 

methods in identifying the defects in the rolling bearing. 
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Figures

Figure 1

Flow Chart of CEEMD-ATD (Proposed method) for Bearing Fault Diagnosis.



Figure 2

Flow chart shows the working of the peak �ltering denoising Method.

Figure 3

CWRU bearing test rig [24]



Figure 4

Original Signals (a) Healthy Bearing (b) Bearing with Inner Race Fault and (c) Bearing with Outer Race
Fault

Figure 5

Inner race fault signal decomposed by CEEMD



Figure 6

Outer race fault signal decomposed by CEEMD

Figure 7

Healthy bearing signal decomposed by CEEMD



Figure 8

IMF vs Original signal for Inner race fault

Figure 9

IMF2 vs Original signal for outer race fault



Figure 10

Denoised signals of bearing with inner race fault running at 4 different speed by the proposed method

Figure 11

Inner Race fault signal denoised by WTD and ATD.



Figure 12

Kurtosis value comparison for Inner race fault

Figure 13



Envelope Spectra analysis of bearing with inner race fault signal by the proposed method.

Figure 14

Denoised signals of bearing with outer race fault running at 4 different speed by the proposed method

Figure 15

Outer Race fault signal denoised by WTD and ATD.



Figure 16

Kurtosis value comparison for outer race fault



Figure 17

Envelope Spectra analysis of bearing with outer race fault signal by the proposed method.

Figure 18

Denoised signals of healthy bearing running at 4 different speed by the proposed method

Figure 19



Kurtosis value comparison for healthy bearing

Figure 20

Envelope Spectra analysis of healthy bearing signal by the proposed method.


