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Abstract 
This paper presents a vibration method for remaining life estimation of components in washing machines. 
Vibration signals were measured on electric motors during an accelerated lifetime test. Significant frequency 
bands are identified using a spectral comparison based on the Constant Percentage Bandwidth (CPB) 
spectrum. CPB- and cepstrum-based indicators are extracted and some improvements are proposed, such as 
the use of CPB difference sum and envelope cepstrum. Increasing trends of several indicators confirm the 
potential of vibration-based techniques to quantify the actual life of components. It was found that loose 
bearings have caused a severe damage of the rotor and stator. 
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1 INTRODUCTION 
Due to increasing negative impacts on the environment, 
several countries have introduced regulations that make 
manufacturers responsible for the end-of-life (EOL) treatment 
of their products [1]. Depending on the product type, 
manufacturers choose between methods of reuse, recycling, 
incineration and disposal [2] [3]. Reusing of used parts is an 
environmentally-friendly option that has already been applied 
to various products, such as photocopiers, one-use cameras 
and toner cartridges [1]. Moreover, reuse is a competitive 
strategy to reduce production costs, although the quality and 
reliability of used parts is an important problem associated 
with reuse. 
For this reason, there is a growing demand for reliable 
methods to estimate the remaining useful life (RUL), which is 
also the objective of prognostics. Kara et al. [1] reviewed 
lifetime prediction methods for manufactured products and 
their components, while Jardine et al. [4] presented an 
overview on machine prognostics for the purpose of 
condition-based maintenance. Sawalhi [5] discussed in detail 
several prognostic techniques developed for rolling element 
bearings. 
This paper contributes to the RUL estimation of components 
in washing machines (WMs). This work extends the research 
of Mazhar et al. [2] [3] who showed that WM components 
possess an immense potential for reuse. This is 
experimentally verified in our paper and some new findings 
are presented towards a better understanding of failure 
mechanisms in WMs. In addition, several vibration 
parameters are proposed to characterise severity of faults in 
electric motors. An interested reader may also refer to 
Ref. [6], where vibration-based diagnostics is applied to 
quality control of WMs and electric motors. 
2 EXPERIMENT 
The experimental life cycle data has been collected during a 
run-to-failure test of five WMs. The WMs have been running 

continuously (24 hours a day) in order to accelerate the 
development of faults and thus simulate the whole operating 
lifetime. The WMs are large size (7.5 kg), top-loading 
machines; a schematic diagram can be found in [7]. 
Resistance of clothes to rotation was simulated by attaching a 
3-blade steel frame to the agitator [3]. In addition, 7 lead 
weights (of 3.75 kg in total) were attached to the WM drum to 
maintain a uniform load. Although a non-uniform load of 
clothes would be more realistic, this option was avoided for 
practical reasons (tearing of clothes). 
Condition monitoring data has been collected to evaluate the 
operating history of components. The experiment involved 
three phases lasting for 110, 230 and 216 days, respectively. 
The first phase represents a settling phase, during which only 
physical parameters were recorded, namely the current, 
voltage, power, winding temperature and motor rotation 
speed [2] [3]. In the second phase, vibration measurements 
were added and 35 records were collected from each WM 
(less frequently than the physical parameters). During the 
third phase, the WMs were gradually failing until the 
experiment was stopped and the WMs were disassembled. 
The vibration data during the second and third phase was 
measured using the Vibrocord and Pulse, respectively 
(Section 2.1). 
In the preceding studies [2] [3], two components were 
identified as suitable for reuse: gearbox and electric motor. 
The remaining useful life LR was computed as LR = LM - LA, 
where LM is the mean life of a component and LA is the actual 
life (under given conditions of use). Hence a two-step 
approach was proposed. In the first step [2], the mean life LM 
was assessed using the Weibull distribution applied to the 
time-to-failure data from 82 WMs. It was found that 9 units 
failed due to oil leakage from the gearbox and 1 unit failed 
due to noisy bearings of the electric motor. The Weibull 
analysis showed that the gearbox and motor have operational 
lives greater than almost double of the WM life. In the second 
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step [3], the actual (used) life LA was estimated by an artificial 
neural network (ANN) model applied to the above mentioned 
physical parameters. The comparison with classical methods 
of regression and Kriging showed that the ANN model 
estimates the actual life with higher accuracy. 

2.1 Vibration measurements 
This paper presents analysis of the vibration data measured 
on WM motors. The motors are 4-pole Permanent Split 
Capacitor (PSC) induction motors (asynchronous machines). 
The data was acquired during the spinning phase of the wash 
cycle because this is the only time when the motor spins in a 
single direction [3]. However, the spin cycle cannot be used 
for monitoring the gearbox condition since the gears are 
meshing only during the agitation phase (the gearbox rotates 
during the spin cycle). As a result, the gearmesh components 
are absent in the frequency spectrum of the spin cycle signal, 
hence the gear faults cannot be detected. Therefore, our 
analysis will be focused on electric motors. 
In the second phase of the experiment, the vibration data was 
measured using Vibrocord FFT data collector (a handheld 
instrument) with a mobile industrial accelerometer VIB 6.140 
[8]. Due to memory limitations of the instrument, FFT (Fast 
Fourier Transform) spectra were recorded instead of vibration 
signals. Specifically, an acceleration multispectrum in ms−2 
was measured in a frequency range from 2 Hz to 20 kHz. The 
term multispectrum refers to an amplitude FFT spectrum with 
a variable resolution at each decade. For the chosen FFT 
length of 800 lines per decade, the frequency bin is 0.25 Hz 
at low frequencies (2 to 200 Hz), 2.5 Hz at medium 
frequencies (200 to 2000 Hz) and 25 Hz at high frequencies 
(2 to 20 kHz). The spectrum computation involves linear 
averaging with 3 averages and windowing by the Hann 
window. 
In the third phase, acceleration signals were acquired using 
the Brüel & Kjær Pulse system with the accelerometer 4396 
(DeltaTron type with an insulated base). Sampling frequency 
was 65636 Hz. The complete spin cycle of approximately 
8 min was recorded and then post-processed to separate a 
steady-state portion of 20 s. The run-up and rundown were 
also extracted for additional analysis. 

2.2 Measurement point 
For the Vibrocord measurements, the accelerometer was 
mounted using a magnetic holder for curved mounting  
 

 
Figure 1: Metallic piece on the electric motor of the WM. 

surfaces [8]. For the Pulse measurements, a metallic piece 
has been glued to the die cast surface of the motor (Figure 1). 
This piece has the same diameter as the permanent magnet 
for the B&K accelerometer, thus providing two advantages. 
First, the contact point is identical for all measurements. 
Second, it provides a closer mechanical contact between the 
motor surface and the accelerometer base, thus increasing 
the linear frequency range. On the other hand, since the 
Vibrocord measurements were conducted directly on the 
motor surface (underneath the metallic piece), the resonance 
frequency of the VIB accelerometer affects the measured 
spectra. Therefore, transfer function was estimated to 
compensate for the different measurement point (Section 
3.5). 

2.3 Disassembly and inspection 
Table 1 presents the test results showing that the WMs 
managed to operate for more than double of the average 
household lifetime. The following formula is used for 
converting testing days to simulated wash years: 
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where Ayr and Ad is the age of the WM in simulated years and 
testing days, respectively, Lw is the duration of the wash cycle 
in minutes and Nw is the number of washes per week. 
Constants 1440 and 52 represent the number of minutes per 
day and number of weeks per year, respectively. Lw = 40 min 
and Nw = 10 is assumed, hence 1 wash year is simulated in 
14.4 testing days. 
 

WM 
no. 

Testing 
days 

Wash 
years 

Failure mode 

4 385 26.7 Blocked pump 

1 389 26.9 Broken inlet valves 

2 465 32.2 Fractured impeller 

5 501 34.7 Damaged motor 

3 556 38.5 No fault 

Table 1: Test results (sorted by ascending lifetime) 
 
The gearbox was in a good condition for all five WMs. WM 1 
was stopped due to a failure of both inlet valves (for cold and 
hot water). Although the valves were regularly cleaned, dirt 
particles in the water caused valve blockage or inability to 
stop the incoming and outgoing water. This problem affected 
several WMs but has been solved by plugging the broken 
valve with a galvanised steel cap and using the second valve 
until the experiment was finished. 
WMs 2 and 4 were stopped because of defects of the pump 
assembly which resulted in failing to drain the water. The 
impeller of the pump in WM 4 was blocked by a metal clip that 
fell off from the top part of the WM wrap. The impeller of 
WM 2 was fractured, probably due to a similar metal object (a 
small rusty patch was found inside the pump). Note that 
similar failures were observed by Park et al. [9] who 
redesigned the pump assembly by inserting a new type of 
filter to protect the impeller from small particles, such as 
fibers of clothes. 



  

No fault occurred in WM 3. Figure 2 shows the good squirrel-
cage rotor of WM 3 in comparison with the damaged rotor of 
WM 5 (a similar fault was also found in WM 2). The coating of 
the damaged rotor is scraped away, while red patches were 
found along the internal circumference of the stator. This 
damage is a consequence of loose bearings which caused 
imbalance of the rotor in the magnetic field. The magnetic 
field started to act as a ’negative spring’, hence the mutual 
attraction between the stator and the rotor increased with a 
decreasing clearance. As a result, some preferred place on 
the stator was hit by the rotor once per revolution until the 
motor finished its lifetime (TEOL = 501 days). In all 
measurements since TRD = 462 days (time of the rotor 
defect), a large impulse occurred in the run-up signal, 
probably due to excitation by some critical frequency causing 
the rotor hit the stator. Therefore, WM 5 is analysed in 
Sections 3 and 4 in order to predict this type of failure. 

(a)                                           (b) 

 
(c)                                           (d) 

 
Figure 2: Rotor and stator of WM 3 (a,c) and WM 5 (b,d). 

 
3 CPB ANALYSIS 
In this section, a comparison of CPB spectra is used for 
trending and identification of significant frequency bands. 
Each value of the CPB spectrum represents the power of the 
kth subband signal xk (Pk = 1/Nk ∑xk

2), where xk is the output 
of the kth band-pass filter [10]. Since the filter bandwidth is 
always a fixed percentage of the center frequency, the CPB 
spectrum is based on a constant relative bandwidth and its 
frequency resolution is thus relatively high at lower 
frequencies and coarser at higher frequencies (similarly as 
with wavelets).  
An important advantage of the CPB spectrum is a small 
number of values compared to the FFT spectrum. While FFT 
spectra consist of 8192 (213) values or more, a typical CPB 
spectrum comprises only 132 values (11 octaves x 12 filters 
per octave). This advantage can be significant for 
classification using ANNs, since the size of the input layer is 
dramatically reduced. Ho and Lau [11] used 1/12-octave CPB 
spectrum as an input to the ANN to identify typical faults in 
induction motors. Randall and Gao [12] used CPB spectrum 
differences to train the ANN for recognition of bearing faults in 
helicopter gearboxes. 

3.1 FFT to CPB conversion 
Vibrocord measurements are obtained directly in the form of 
FFT spectra. For the Pulse measurements, the FFT is 
computed in Matlab from the raw steady-state signals. Each 
FFT spectrum is then converted to an 1/12-octave CPB 
spectrum by calculating the lower and upper cutoff 
frequencies of each constant percentage band, and then 
integrating up the power in the FFT lines between the limits 
[10]. All CPB spectra are then converted to dB by 
10log10(Xn[f]). 

3.2 Mask of the reference CPB spectrum 
A reference spectrum R[f] is generated from the first four CPB 
spectra by finding a maximum magnitude in each band 
(Figure 3(a)). The reference spectrum represents the initial 
state of a WM without mechanical faults. Then, a mask M[f] 
(shown in Figure 3(b)) is created by ’widening’ the reference 
spectrum [10] (taking a maximum value of three adjacent 
frequency components for each center frequency). 

3.3 Difference CPB spectra 
A sequence of difference CPB spectra is computed as: 

[ ] [ ] [ ], 5,6,...n nD f X f M f n N= − =  (2) 

where Dn[f] is the nth difference spectrum in dB, Xn[f] is the 
nth CPB spectrum, M[f] is the mask of R[f] and N is the total 
number of CPB spectra. Only positive differences are of 
practical interest, thus all negative differences are replaced 
by 0 dB (Figure 3(c)). 
 

 
Figure 3: CPB comparison: (a) reference spectrum,             

(b) subtracting the mask from a new spectrum (day 333),     
(c) difference CPB spectrum. 



  

Figure 4 shows the difference CPB spectra for WM 5. A 
significant increase of power can be seen in the high-
frequency range (10–20 kHz) after the day 325. The global 
maximum of 11 dB is located at the center frequency 
10293 Hz on day 468. For this reason, only a ’slice’ of the 3D 
plot can be displayed in order to analyze the trend of CPB 
differences at a particular frequency. Figure 4(a) illustrates 
the slice at 10293 Hz with an exponential trend exceeding the 
threshold of 10 dB at TEOL = 501. The subsequent rapid 
decline is a consequence of a step change characterised by 
much lower vibration level at many frequencies. 
 

 
Figure 4: Difference CPB spectra for WM 5. 

 

 
Figure 5: CPB-based trending of WM 5. 

 

3.4 CPB Difference Sum (CDS) 

Finally, CPB difference sum is calculated as: 

max

10

[ ]/10

0
[ ] 10 log 10 n
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D f
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CDS n

=
=

 
  
∑  (3) 

where CDS[n] is the dB distance of the nth spectrum Xn[f] 
from the mask M[f]. The CDS is computed by converting each 
Dn[f] from dB to the linear scale, then summing the linear 
values (integrating over all frequencies) and finally converting 
the resulting scalar to dB. For this reason, the CDS is a 
measure of the overall spectrum change since it quantifies 
the total increase at all frequencies. This is because the effect 
of the transfer function is removed, thus allowing to monitor 
significant changes regardless of the frequency of 
occurrence. 

As shown in Figure 5(b), the CDS for WM 5 exhibits a linear 
trend and fluctuates less than the individual frequency in 
Figure 5(a). The CDS increases even after TEOL due to a 
sudden increase at several frequencies (e.g. 200 Hz) shown 
in Figure 4. 

3.5 Modified mask 
The difference between the Vibrocord and Pulse 
measurements was compensated by creating a modified 
mask. This involves 3 steps: 
1. Spectrum Y1[f] (shown in Figure 6(a)) is generated by 

averaging the last four Vibrocord CPB spectra. Similarly, 
spectrum Y2[f] is obtained by averaging the first four 
Pulse CPB spectra. 

2. The transfer function H[f] is estimated by subtracting Y1[f] 
from Y2[f] and smoothing the result by the moving 
average of length 3 (Figure 6(b)). 

3. A reference spectrum R2[f] is obtained by subtracting H[f] 
from R[f]. Finally, a modified mask M2[f] (to be compared 
with the Pulse spectra) is created by widening R2[f]. 

 

 

 
Figure 6: Estimation of the transfer function. 

 
4 CEPSTRUM ANALYSIS 
The real cepstrum is used in this section for diagnosing the 
faulty motor. The real cepstrum is computed by determining 
the real logarithm of the amplitude spectrum, and then 
performing the inverse FFT of the resulting sequence [13]. 
The cepstrum is used in gear and bearing diagnostics for its 



  

ability to enhance periodic spectrum structures in the same 
way as spectrum highlights periodicity in time signals [13]. 
Figure 7 shows the power spectral density (PSD) and the real 
cepstrum of WM 5. Figures (b) and (d) represent the faulty 
condition at TEOL = 501, whereas Figures (a) and (c) 
correspond to the last measurement before the failure (day 
490). The PSD in Figure 7(b) contains numerous harmonics 
represented by three cepstrum components in Figure 7(d). 
These components are located at a quefrency of 10, 40 and 
41 ms and correspond to 100, 25 and 24.4 Hz, respectively. 
The 100 Hz component is the pole-passing frequency (twice 
mains frequency) whose increase indicates a stator anomaly 
[10]. The 25 Hz component is the synchronous frequency 
(speed of the rotating field) given by 2fm/Np, where fm = 50 Hz 
is the mains frequency and Np = 4 is the number of poles. The 
24.4 Hz represents the average motor speed during the spin 
cycle. 
 

 

 
Figure 7: Detection of motor failure using the cepstrum. 

 
Figure 8(a) shows the development of the 40 ms quefrency 
component. The time axis starts on day 340 because the 
cepstrum computation requires a raw signal that has been 
measured only by Pulse (Section 2.1). The data exhibits an 
almost constant trend, while a dramatic increase of 20 dB 
occurs at TEOL. A similar result has been obtained for the 
components at 10 and 41 ms, in agreement with the step 
change between Figures 7(c) to (d). 

 
Figure 8: Cepstrum-based trending of WM 5. 

 

4.1 Envelope Cepstrum (EC) 
This section presents a more sensitive fault indicator based 
on the envelope cepstrum (the real cepstrum of the envelope 
signal). Envelope analysis is a well-known diagnostic method 
in which a specific frequency band is demodulated in order to 
shift modulation effects at high frequency into the low-
frequency range [10] [14]. Finding the optimal demodulation 
band is the key problem of this method, but can be solved by 
employing historical data. In our case, the band from 9000 to 
10500 Hz is selected since the largest CPB increase for 
WM 5 occurred at 10293 Hz (Figure 5(a)). 
Figure 8(b) shows the time history of the 40 ms component in 
the envelope cepstrum (EC). To attempt prognosis, the trend 
is computed only from the data up to day 490. The failure 
occurred when the trend exceeded 10 dB, similarly as in 
Figure 5(a). Despite considerable fluctuation, the threshold of 
6 dB (indicator of a significant change [10]) has been first 
exceeded on day 355, thus suggesting a potential failure 
more than 140 days (9.7 years) earlier. In addition, an 
increase by about 4 dB occurs after TRD (the rotor starts 
hitting the stator during the run-up), hence quantifying a 
noticeable progress in the degradation. This technique is thus 
capable of predicting the fault before TEOL and preventing the 
motor from being reused. 
 
5 CONCLUSION 
This paper presents the results of an accelerated lifetime test 
of five washing machines. The WM life has ranged from 26.7 
to 38.5 years and was terminated by failures of various 
components, such as valves, pump and electric motor. Since 
electric motors are important candidates for reuse, the 
damaged motor has been studied in detail. 
Defective motors can be identified by characteristic 
frequencies in the vibration spectrum (e.g. stator anomaly by 
increased twice mains component). Hence several vibration 
parameters have been monitored, such as CPB differences 



  

(at a significant center frequency), CPB difference sum (CDS) 
and selected components of cepstrum and envelope 
cepstrum. The motor failed when the trend of two indicators 
reached the 10 dB limit, while exceeding the 6 dB limit 
indicated a deteriorating condition (confirmed by inspecting 
the run-up signal). Higher thresholds should be used for the 
CDS since it monitors the whole CPB spectrum and thus 
increases faster than individual frequency components. 
Alternatively, the 10 dB threshold may be used as a 
conservative limit. The cepstrum appeared to be more 
suitable for diagnostics than prognostics. The EC provided 
better results due to demodulation of a selected band 
identified by the largest CPB increase. This increase is 
probably caused by a family of harmonics protruding above 
the spectrum baseline (in the selected band), thus producing 
the corresponding EC component. A linear trend has been 
extracted from the EC component at 40 ms corresponding to 
the synchronous frequency of 25 Hz. 
Although the data fluctuates to some extent, the proposed 
indicators can be useful for estimating the residual life of 
electric motors. A straightforward approach would be to 
extrapolate the (usually linear) trend to the thresholds of 6 or 
10 dB. A more advanced alternative would be to incorporate 
the indicators in the ANN model of Mazhar et al. [3]. 
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