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ABSTRACT 
The diagnosis of the state of machinery is becoming increasingly important in a more competitive 
industrial sector. Therefore, maintenance strategies are essential to ensure the correct and continuous 
operation of equipment. In the last decade, the application of condition based monitoring (CBM) has 
increased significantly in the detection of bearing faults. CBM is based on the characterisation of 
equipment behaviour and focuses on preventing a machine from failing. Therefore, fault 
characterisation and the construction of health indicators is a fundamental issue in CBM. This study 
evaluates the performance of the diagnostic methodology based on the construction of contour maps 
from envelope spectra. This allows the construction of visual maps that characterise the evolution of 
the amplitude of a fault frequency and its harmonics. They also serve as a reference to establish health 
indicators of future equipment conditions. The results suggest that the methodology holds promise for 
bearing condition classification. Furthermore, the use of contour maps is a visually intuitive tool for the 
analyst. 
Keywords:  contour map, condition monitoring, bearing diagnosis, envelope analysis. 

1  INTRODUCTION 
Increasing industrial progress has driven the development and evolution of maintenance 
strategies. These are focused on ensuring the correct and continuous operation of machinery, 
especially of the most critical components, such as bearings [1], [2]. One of the maintenance 
strategies with the greatest projection in the diagnosis and prognosis of the condition of 
mechanical equipment is condition based monitoring (CBM) [3]–[5], due to the availability 
of data processing techniques. 
     Using mainly vibration signals [6], CBM studies the state of the machine during its entire 
operating interval, to extend the life of the different components, reduce downtime and 
optimise the maintenance schedule. In other words, CBM focuses on identifying the cause of 
the failure to prevent it from occurring. Therefore, the characterisation of behavioural 
patterns and the construction of health indicators plays an important role in machine 
condition assessment tasks. This has created many studies focused on the extraction of 
features that allow the construction of classifiers of the state of a machine, mainly based on 
artificial intelligence or signal processing [7]. 
     In recent years, studies developed using artificial intelligence have increased significantly, 
where surface learning and deep learning algorithms are protagonists in the detection, 
diagnosis, and prognosis of bearings [2], [3], [8]–[11]. On the other hand, an increase in 
studies associated with traditional vibration signal processing techniques is also evident in 
the literature [7], [12]–[14]. In these studies, envelope analysis takes centre stage in the 
demodulation of resonant zones of signals associated with frequencies of bearing failures. 
Moreover, a novel methodology based on contour maps has been presented for the 
characterisation and construction of fault evolution maps, which serve as a reference in the 
diagnosis of bearings [14]. 
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     The main objective of this work focuses on the evaluation of the performance of the 
bearing diagnosis methodology based on contour maps, presented in Soto-Ocampo et al. [14]. 
Contour maps are graphical illustrations used to represent spatial functions by incorporating 
isolines. This criterion has allowed characterising the behavioural pattern of a bearing defect, 
considering the changes experienced by the amplitude of the fault frequency and harmonics 
over time. Therefore, the construction of these fault evolution maps makes it possible to 
establish a relationship with any machine condition. 

2  METHODOLOGY 

2.1  Basis of the methodology 

The approach of using contour maps as a method of vibration mode characterisation arises 
from considering the oscillatory fundamentals of rolling bearings. 

2.1.1  Vibration mode of rolling bearings 
Bearings are mechanisms that have their own mode of vibration, generated by the contact of 
the components that make them up and interpreted through their frequencies. From this, a 
relationship is established between the geometry of the components and the energy developed 
in the passage of the rolling elements through the load zone [15]. Consequently, irregularities 
in the surface generate changes in the contact stresses of the components of a bearing, 
resulting in the generation of very short duration pulses that excite the natural frequencies of 
the entire structure [6], [16], [17]. Thus, the vibration signature of a bearing establishes the 
relationship between the magnitude of the irregularity and the amplitude of the generated 
pulse, manifested in the characteristic frequency of the failure component (Fig. 1).  
 

 

Figure 1:  Envelope spectra representation of fault evolution. 

2.1.2  Contour maps 
As mentioned above, signal spectra can identify frequencies associated with a fault 
component and its respective amplitude. However, the main drawback arises at the time of 
diagnosis. There is a lack of criteria to evaluate the state of the components of a bearing and 
to relate them to a fault level. However, the use of contour maps [14] allows to characterise 
the behavioural pattern of a bearing defect, by relating the failure frequency of a component 
to the amplitude changes it experiences as the failure level increases. 
     Contour maps are graphical illustrations used to represent spatial functions by 
incorporating isolines [18]. Each isoline has a constant and equally spaced contour value 
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(associated with an amplitude value) [19], [20]. In this way, the isolines allow to classify and 
separate the points of the underlying space, generated by amplitude changes of a fault, 
establishing a direct relationship between the fault frequency, its amplitude and the 
corresponding fault level. Fig. 2 represents the contour map characterising the amplitude 
changes of a fault frequency over time. 
 

 

Figure 2:  Representation of the coordinates of the points that form the isolines. 

     In the spectral analysis of a record to be evaluated, information is obtained from two of 
these components (fault frequency and amplitude) named analysis points from now on. The 
objective of the methodology is to determine the relationship of the analysis points of a 
spectrum with the fault level to which it corresponds within the fault evolution map. 
Therefore, the spectrum to be compared in the contour map must be evaluated according to 
the values of the isolines of the fault evolution map, thus obtaining the analysis points. 

2.2  Basis of the methodology 

The development of the proposed methodology is structured in six phases, which have been 
detailed in Soto-Ocampo et al. [14]. However, this article presents changes in obtaining the 
threshold value and considers measures of central tendency to estimate the relationship  
of a spectrum with its failure level. The methodology is presented below in the flow chart in 
Fig. 3. 

2.2.1  Data acquisition 
The data acquisition phase comprises the instrumentation of the equipment under study and 
the capture of vibration records. This phase is carried out in two scenarios. Initially, it is 
necessary to have records describing the evolution of the failure of a bearing component over 
time. These should allow the construction of the failure evolution maps. In this scenario it is 
important to determine up to what level the deterioration of a failure is considered permissible 
for continued operation. On the other hand, the second scenario refers to the records that are 
analysed or related to the fault evolution maps.  

2.2.2  Determination of representative samples 
It is important to ensure that the samples of the records that make up the fault evolution map 
and the record to be diagnosed, have: 

1. Constant rotational speed,  
2. Homogenisation of fault frequency, and 
3. Same frequency resolution. 
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Figure 3:  Structure of the methodology. 

     Fernández-Francos et al. [21] stresses the importance of maintaining a constant rotational 
speed in record capture. This is to eliminate frequency lags and variations in impact force. 
Regarding the homogenisation of the failure frequency, this criterion reduces the uncertainty 
in the identification of the failure frequency. Smith and Randall [22] consider a variation of 
the frequency calculation between 1% or 2%. It is also important to maintain the same 
frequency resolution, so the samples that make up the fault evolution map and the one to be 
evaluated must have the same length in time [23]. 

2.2.3  Data preprocessing 
Gupta and Pradhan [17], suggest that the data processing technique used in the analysis 
should be selected according to the component under study. Therefore, considering the 
oscillatory fundamentals of the bearing, this study uses the “Envelope Analysis” technique, 
as it mainly seeks to detect resonant zones excited or modulated in amplitude by periodic 
impact forces, whose repetition frequency is an indicator of the location of the defect and its 
amplitude a measure that characterises the state of the component [24]. The application of 
this analysis technique includes: 

1. Frequency band selection, 
2. Signal filtering, 
3. Extraction of the envelope signal (using Hilbert Transform), and  
4. Construction of the Envelope Spectrum. 

     Some studies describe the importance of identifying the frequency band with the most 
information about the condition of a bearing [16], [25]. However, in this study, a constant 
filtering band of 1.8–6.1 kHz is considered [26]; this is to avoid signal attenuation due to 
changes in the selection of the filtering band. 

2.2.4  Construction of the fault evolution map 
In the construction of fault evolution maps there are three key parameters to consider, as 
follows: 
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1. Lower limit or threshold 
2. Upper limit,  
3. Contour interval. 

     The estimation of the Threshold corresponds to the lowest isoline value and allows the 
identification of the most representative amplitudes of the signal. Since the main objective of 
the methodology is to evaluate records of different fault levels, it is considered that this value 
should be adapted to the behaviour of the record under study. Therefore, the Threshold value 
is provided by the record to be diagnosed. In Soto-Ocampo et al. [14], the estimation of this 
parameter was performed by implementing a series of processes, however this process entails 
a higher computational expense. In this work, the estimation of the Threshold value is 
performed in three steps: 

1. Determination of the mean (𝑥̅) of the sample (x), corresponding to the data of the 
spectrum with length N, 

𝑥̅ ൌ
∑ 𝑥௜

ே
௜ୀଵ

𝑁
 (1)

2. Identification of the peaks (𝑃௘) of the sample, whose amplitude exceeds the mean of the 
signal (𝑥̅), 

𝑃௘ ൌ 𝑃𝑒𝑎𝑘ሺ𝑥ሻ ൒ 𝑥̅ (2)

3. Threshold estimate, equivalent to the median (𝑀௘) of the amplitude of the peaks 
identified in (6), where 𝑁௉೐

 represents the number of peaks identified. 
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 (3)

     The Upper Boundary (𝑈𝑝𝑝𝑒𝑟஻௢௨௡ௗ௔௥௬) is associated with the maximum amplitude of the 
fault frequency, or harmonics, of the spectra that make up the fault evolution map. This limit 
represents the maximum value for isolines fault evolution map. 
     The Contour Interval (Ci) represents the spacing value between isolines. It is therefore 
important to define the number of isolines (𝑁௜௦௢) used in the construction of the contour maps, 
which in turn allows to define the values of each isoline (𝐼𝑠𝑜𝑙𝑖𝑛𝑒௏௔௟௨௘). This process is carried 
out in three stages: 

1. In the determination of the 𝑁௜௦௢ the Sturges rule [27] is considered, this rule is simple 
and is adjusted to the number of samples (N) of the spectrum analysed, 

𝑁௜௦௢ ൌ 1 ൅ 3.322 ∙ 𝑙𝑜𝑔ଵ଴ሺ𝑁ሻ (4)

2. Calculation of the contour interval, 

𝐶௜ ൌ
𝑈𝑝𝑝𝑒𝑟஻௢௨௡ௗ௔௥௬ െ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

𝑁௜௦௢
 (5)
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3. The value of each isoline (𝐼𝑠𝑜𝑙𝑖𝑛𝑒௏௔௟௨௘) is defined by a set of values, set by the multiples 
of the contour and threshold interval, without exceeding the upper limit. This 
relationship is presented below, where k = 0,1,2,3,..., represents the multiple of the 
spacing value. 

𝐼𝑠𝑜𝑙𝑖𝑛𝑒௏௔௟௨௘ ൌ 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 ൅ 𝑘 ∙ 𝐶௜ (6)

2.2.5  Treatment of the record to be evaluated 
As in the construction of the fault evolution maps, the record to be diagnosed is evaluated 
according to the estimated isoline values. This makes it possible to identify the analysis points 
associated with the intersection of the isoline values and the amplitude of the frequency under 
study, as shown in Fig. 4. 
 

 

Figure 4:  Identification of the analysis points (recording at 500 rpm and fault level F2). 

     In this way, the analysis points identify two coordinates, frequency and amplitude, 
associated with each isoline value. Fig. 5 presents the coordinates of two of the analysis 
points P1 (50.85, 0.0086) and P2 (51.46, 0.0086), associated with the intersection of the fault 
frequency amplitude with the second isoline. 
 

 

Figure 5:  Relationship between the analysis points (P1 and P2) and their isoline. 
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2.2.6  Fault level diagnosis 
It is known beforehand that each of the isolines of the fault evolution map is associated with 
an amplitude level, and that the points that form it have coordinates in frequency and fault 
level. Therefore, by defining the isoline of the fault evolution map to which each point of 
analysis corresponds and identifying its frequency, the relationship with the corresponding 
fault level is visualised. 
     Fig. 5 presents the relationship between the analysis points P1 and P2 (see Fig. 4), and the 
corresponding isoline points of the fault evolution map. This analysis was carried out by 
frequency approximation. Once the isoline was selected, the frequency coordinate of the 
analysis points was identified in the coordinates of the isoline points, looking for the 
corresponding frequency or the closest frequency. From this analysis, a relationship of P1 
and P2 was established with a fault level of 2 and 1 respectively. 
     The isolated analysis of points P1 and P2 could be considered confusing, given their 
relationship with different fault levels. However, when considering the totality of the analysis 
points for each harmonic of the fault frequency, the trend over a fault level F2 is clearly 
observed, as presented in Fig. 6. 
 

 

Figure 6:  Relationship between the analysis points and the fault evolution map. 

     As observed in Fig. 6, the diagnosis of a spectrum on a fault evolution map is visually 
intuitive, as the fault level trend of each harmonic is marked by a point cloud. In the 
quantification of the fault level trend, central tendency measures, such as mean and median, 
are considered. Thus, from the data set defined by the point cloud of each harmonic the trend 
or fault level is established. The evaluation of the trend of the fault level of the spectrum at 
500 rpm and labelled with fault level F2 (see Fig. 4), is estimated at 1.93 and 1.87 by means 
of the mean and median respectively. 

3  EXPERIMENTAL DATA 
The data set used in this study to evaluate the performance of the proposed methodology was 
obtained from the bearing test rig of the Railway Technology Research Center (CITEF) [28]. 
Since the methodology has been devised for the diagnosis of railway axlebox bearings, the 
bearings in the test rig housings have a similar configuration. Also, the evaluation regimes 
have been considered according to the angular velocity profile of the wheels of a metro train. 
     The test bearing used is a double row spherical roller bearing. The records were evaluated 
at three different speeds (200, 350, 500 rpm). Their characteristic failure frequencies as ball 
pass frequency inner (BPFI), ball pass frequency outer (BPFO), ball spin frequency (BSF) 
and fundamental train frequency (FTF), are presented in Table 1. 
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Table 1:  Estimating the level of failure by measures of central tendency. 

22205E1KC3 Units 
Regime 200 350 500 rpm 
BPFO 20.62 36.08 51.54 Hz 
BPFI 29.38 51.42 73.46 Hz 
BSF 18.01 31.52 45.03 Hz 
FTF 1.37 2.41 3.44 Hz 

 
     A combined rolling element (RE) and outer race (OR) failure was induced in the bearing, 
evaluated at five failure levels including the normal state (F0, F1, F2, F3, F4). The generated 
damage ranged in depth from 0.006 to 0.027 mm for RE, and 0.007 to 0.028 (mm) for OR. 
Each case study was repeated three times, where the most representative replica was used to 
construct the failure evolution map. 
     The data acquisition equipment used is based on low-cost components developed for 
condition monitoring of rotating machinery [26]. The acceleration signals were obtained at a 
sampling frequency of 45 kHz. Each record has a length of 45 seconds. 

4  RESULTS 
This section presents the results of the bearing diagnosis using the proposed methodology. 
Given the length of each record (45 seconds) and considering the criteria for selecting 
representative samples, each record was evaluated in a window with a length of 5 seconds, 
which allows several samples to be available for each record. In addition, with the proposed 
window length, a frequency resolution of 0.1 Hz is obtained, which guarantees to distinguish 
between close frequencies. It should be noted that the samples used in the construction of the 
fault evolution maps are not considered for the diagnosis and validation of the methodology.  
     Although the records are associated with a combined fault (ORRE), in this study the 
evaluation of the performance of the methodology focuses on the fault associated with the 
outer track. 

4.1  Use of isolines for spectra evaluation 

The arrangement of the isolines that make up the fault evolution map establishes a pattern of 
scales that allow the amplitudes of the spectrum under study to be analysed.  
     Fig. 7 presents the use of the isoline values as a scaling pattern on which to evaluate the 
record under study (record at 500 rpm and fault level F2). As can be seen, the maximum peak 
of the evaluated spectrum intersects with the tenth isoline. Therefore, from this analysis a 
pre-diagnosis can be established, concluding that the evaluated spectrum is associated with a 
considerable fault level, since the maximum amplitude of the fault frequency has reached 
66.6% of the isolines of the fault evolution map. 

4.2  Diagnostic spectra 

Bearing vibration signals are not periodic, but stochastic. Therefore, throughout a record 
there are segments associated with different energy values for the same fault level. This 
causes changes in the behaviour of the spectrum, especially in the amplitude of the fault 
frequency and its harmonics.  
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Figure 7:  Use of isolines as a fault level scaling pattern (500 rpm recording and fault F2). 

     Fig. 8 shows two samples of the same record with spectra of different behaviour, at  
500 rpm and catalogued with fault level F2. As previously mentioned, the database used 
corresponds to a combined rolling element (BSF) and outer track (BPFO) fault. Therefore, 
the spectrum in Fig. 8(a) shows higher energy associated with the BSF component, compared 
to the spectrum in Fig. 8(b), and vice versa for the BPFO component.  
 

 
(a) (b)

Figure 8:  Spectra of two samples (record at 500 rpm and fault F2). 

     Fig. 9 presents the diagnosis of the spectra presented in Fig. 8. In this figure, despite the 
differences in the behaviour of the spectrum, the diagnosis has been feasible, which 
demonstrates the versatility and accuracy of the methodology presented. Fig. 9(a) presents 
the spectrum diagnostic presented in Fig. 8(a), where the measures of central tendency 
establish a ratio of 1.95 and 2.08 for the mean and median, which is consistent with the fault 
level to which more samples correspond. The same is true for the diagnostic spectrum in Fig. 
8(a) presented in Fig. 9(a), where a ratio of 2.23 and 2.24 is observed for the mean and median 
respectively. 

4.3  Evaluation of the methodology 

In order to estimate the performance of the proposed methodology, the 45 records of the 
database were diagnosed in their respective fault evolution maps, associated to speeds of 200,  
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(a) (b)

Figure 9:  Spectrum diagnostics. 

350 and 500 rpm. In each of the records, five samples (of 5 seconds) have been identified 
that meet the conditions presented in Section 2.3.2. Therefore, the fault evolution maps 
associated with each rpm will be evaluated using 75 samples, comprising the five fault levels 
(F0, F1, F2, F3, F4) analysed, including the normal state. 
     Fig. 10 presents the confusion matrices to evaluate the measures of central tendency used 
in the estimation of the corresponding failure level. Fig. 10(a) shows that the “mean” has a 
higher accuracy in the diagnosis of the different samples, reaching 79.11% correct. The 
samples with failure level F0, F1 and F2 present an error in diagnosis of 13.3, 6.7% and 
15.6% respectively. For the misdiagnosed samples, samples with fault level F0 and F1 are 
associated with a higher fault level, while samples with fault F2 are associated with a lower 
and higher fault level. In the case of the samples with fault F3, all have been correctly 
diagnosed. Finally, the samples with fault level F4 are the most problematic, with 68.9% of 
failures in the diagnosis. A similar behaviour is observed in the median confusion matrix Fig. 
10(b), reaching 78.22% correct.  
 

  

(a) (b)

Figure 10:  Confusion matrix of measures of central tendency. (a) Mean; and (b) Median. 
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5  CONCLUSIONS 
This paper documents the evaluation of the bearing diagnosis methodology proposed in Soto-
Ocampo et al. [14]. It concludes that the implementation of contour maps allows the 
construction of maps that characterise the evolution of a fault. In addition, it allows future 
records to be evaluated and associated to a fault level according to the behaviour of the fault 
frequency and harmonics.  
     Regarding the process of evaluation and diagnosis of a record, two phases have been 
distinguished. The first is associated with the consideration of the value of the isolines as a 
scale map to evaluate the amplitudes of the fault frequency and harmonics of the spectrum 
under analysis. In this way, a visual analysis of the trend of the amplitudes is carried out, to 
subsequently carry out the diagnosis and establish the corresponding fault level. In the second 
phase, the relationship between the analysis points and the coordinates (frequency, amplitude 
and fault level) of the points of the isolines that make up the fault evolution map can be seen. 
This, based on the behaviour of the fault frequency amplitudes and harmonics, establishes 
the corresponding fault level when implementing the measures of central tendency. 
     The methodology has been validated using 225 samples associated with 45 vibration 
records obtained from a test bench. In the evaluation of the methodology, an accuracy of 
around 79% has been observed. It should be noted that this value was obtained by processing 
all the analysis points of 6 harmonics. Therefore, if an analysis to identify which of the 
harmonics has the highest relationship with the fault level is considered, the accuracy would 
be improved. This will be considered in future works.  
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