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Abstract: This paper presents a correlation analysis of the structural dynamic responses and weather
conditions of a railway crossing. Prior to that, the condition monitoring of the crossing as well as
the indicators for crossing condition assessment are briefly introduced. In the correlation analysis,
strong correlations are found between acceleration responses with irregular contact ratios and the
fatigue area. The correlation results between the dynamic responses and weather variables indicate
the influence of weather on the performance of the crossing, which is verified using a numerical
vehicle-crossing model developed using the multi-body system (MBS) method. The combined
correlation and simulation results also indicate degraded track conditions of the monitored crossing.
In the condition monitoring of railway crossings, the findings of this study can be applied to data
measurement simplification and regression, as well as to assessing the conditions of railway crossings.

Keywords: railway crossing; condition monitoring; condition indicator; correlation analysis; weather
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1. Introduction

Railway turnouts are essential components of railway infrastructure and provide the ability for
trains to transfer from one track to the other. In the meantime, a gap between the wing rail and nose
rail in the crossing panel (Figure 1b) introduces a discontinuity in the rail. As a result of trains passing
through, the high wheel–rail impact due to the high train velocity causes this type of crossing to suffer
from severe damage such as cracks (Figure 1c) and spalling (Figure 1d), and the service lives of some
railway turnouts are only 2–3 years. In order to improve the maintenance of the crossing and prolong
service life, it is better to perform maintenance in a predictive way by developing a structural health
monitoring (SHM) system for railway crossings [1].

In order to obtain information on damage detection, localization and condition assessment in SHM
systems, it is important to get insight into the performance of the structures. In recent years, SHM has
drawn increasingly more attention in the railway industry. D. Barke and W.K. Chiu reviewed the major
contributions of condition monitoring in regards to wheels and bearings [2]. Based on digital image
correlations, D. Bowness et al. measured railway track displacement using a high speed camera [3].
The axle box acceleration (ABA) system has been widely applied in the condition monitoring [4] and
damage detection [5,6] of railway tracks. However, most of the contributions of SHM are based mainly
on normal tracks. Z. Wei et al. have applied the ABA system in railway crossing damage detection [7].
However, as a special and vulnerable component in the railway track system, the study on crossings in
terms of condition monitoring are still limited.

In the existing studies, the performance analysis of crossing has been based mainly on numerical
approaches. For instance, finite element (FE) wheel-crossing models have been applied to calculate plastic
deformation and frictional work [8], to simulate the distribution of stresses in the crossing nose [9] and
to predict the fatigue life of a crossing [10]. Also, multi-body system (MBS) vehicle-crossing models
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have been used for general train–track interaction analysis [11], track elasticity analysis [12], crossing
geometry optimization [13–15] and so on. Due to restricted track access, high costs and time consumption,
field measurements have mainly been used for numerical model validation [9,16]. The numerical
models are usually developed according to a certain hypothesis with a focus on specific problems.
However, for damage detection and assessments of crossing conditions, the numerical approach alone is
not enough, and monitoring the conditions of in-service railway crossings is highly necessary.

 

 
(b) (c) (d) 

Figure 1. (a) Standard left-hand railway turnout with a 1:9 crossing (drawn by X. Liu); (b) crossing panel on
site (shot by V.L. Markine); (c) plastic deformation with cracks (shot by X. Liu); (d) spalling (shot by X. Liu).

In real life, the wheel–rail contact in a crossing can be affected by many factors. Some factors are
related to the train track system, such as train type [17], velocity [18], axle load [18,19], wheel–rail
friction [18], crossing geometry [18,19], track alignment [19], track elasticity [12] and so on. Some factors
are related to the crossing environment, such as the contaminants on the rail [19–21] and rail
temperature variation [22,23]. All these factors, especially those introduced by the environment, make
the measurement data noisy and the crossing condition cannot be clearly shown [24]. In order to
properly analyze the measurement data for monitoring the crossing condition, the first step is to figure
out the influence of the above mentioned factors on the performance of the crossing.

In this study, the influence of train track system-related factors is minimized through data selection
and a filtering process. Specifically, train type, velocity and the bogie number are restricted to a certain
scope. In order to estimate the influence level of the external factors (such as the weather condition),
a correlation analysis using Pearson’s correlation coefficient, which is usually applied to quantitatively
evaluate the correlation strength between two variables, is performed. The correlation analysis results
are verified using a vehicle-crossing model developed using the multi-body system (MBS) method.
In this model, the weather changes are modelled according to changes in the properties of the affected
track elements. The correlation between the weather condition and the dynamic responses of the
crossing provides the foundation for long-term measurement data regression, which will be applied
in the crossing degradation assessment procedure. In addition to weather factors, the correlation
strengths between the dynamic responses of the crossing are also analyzed, which can be applied to
provide guidance for the selection and post-processing of the measurement data and to improve the
efficiency of analyzing a large amount of data.

The paper is organized as follows. The condition-monitoring procedure of a railway crossing,
including the crossing instrumentation, is presented in Section 2. The indicators applied for the crossing
condition assessment are briefly introduced in Section 3. The correlation analysis, including the dynamic
responses and weather variables, are given in Section 4. In Section 5, the mechanisms of the weather
effects are analyzed and verified through numerical simulation. Finally, in Section 6, the conclusions
based on the correlation analysis are provided and further applications for the degradation procedure
description of the monitored crossing are discussed.
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2. Railway Crossing Condition Monitoring

In this section, monitoring the condition of a railway crossing is discussed. The crossing
instrumentation and a brief procedure for processing the measurement data are described.

2.1. Crossing Instrumentation

The monitored crossing in this study is a cast manganese steel crossing with an angle of 1:9, which
is the most commonly used crossing for Dutch railway tracks (more than 60% [25]). As part of a double
crossover, the crossing is mainly used for through-facing routes (Figure 1a). This railway line is mainly
used for passenger transportation with a velocity of passing trains up to 140 km/h. The crossing is
instrumental for using the system that has been introduced, and has been actively used in previous
studies [1,17,19,26]. An overview of the crossing instrumentation is given in Figure 2.

 
Figure 2. Overview of the crossing instrumentation.

The main components of this device are a 3-D accelerometer attached to the crossing rail, a pair of
inductive sensors attached to the rails in the closure panel and the data logger (main unit) installed on
the outside of the track. The inductive sensors are used for train detection and the initiation of the
measurements, as well as for train velocity determination. All of the sensors are connected to the data
logger for data storage and basic analysis of the data. The measurement range and sampling frequency
of the acceleration sensor are 500 g and 10 kHz, respectively. The main measured data are the 3-D
acceleration responses (i.e., ax, ay and az)) of the crossing due to the passing trains.

An example of the vertical acceleration response in a time domain due to one passing train with
12 wheelsets is shown in Figure 3a. It can be seen from this figure that the time and location of each
wheel’s impact on the crossing can easily be obtained from the acceleration responses. The region
where most of the wheel impact is located is defined as the fatigue area (Figure 3b), which can be used
for assessing crossing conditions based on a large amount of data.

  

(a) (b) 

Figure 3. Examples of the output of crossing instrumentation. (a) Vertical acceleration response due to
one train’s passage; (b) wheel impact location distribution.
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2.2. Measurement Data Selection and Processing

The crossing monitored in this study was in a new state at the beginning of the observations.
In order to reduce the influence of vehicle variations, the measurement results considered here
were restricted to one type of train, namely the VIRM (double-deck) trains that pass with a velocity
of around 140 km/h. Moreover, the accelerations caused only by the first bogie were considered.
Thus, the remaining uncertainties in the measured data mainly coming from the environment (e.g.,
the weather). Depending on the amount of monitoring data, the measurement results will be analyzed
on three different levels, namely,

• the dynamic response due to the passage of a single wheel;
• the results of multiple-wheel passages from one monitoring day; and
• the statistical results from multiple monitoring days.

An example of vertical acceleration responses in different levels is shown in Figure 4.
The response due to single wheel passages was directly obtained from the measured time domain

signal (Figure 4a). The distribution of the maximum impact acceleration from each passing wheel
constituted the results of multiple wheel passages (Figure 4b). For the statistical results from multiple
monitoring days, each point represented the average value of the impact vertical accelerations of the
recorded passing wheels from one monitoring day (Figure 4c). It can be seen that each wheel passed the
railway crossing differently. Based on a single wheel’s passage it is difficult to assess the performance
of the crossing. Yet, some conclusions on wheel–rail interaction can still be drawn based on these
data. The statistical analysis based on multiple passing wheels was more applicable for assessing the
condition of the railway crossing.

   

(a) (b) (c) 

Figure 4. Example of measured vertical acceleration responses: (a) from single-wheel passages; (b) from
multiple-wheel passages from one monitoring day; (c) from multiple monitoring days.

3. Condition Indicators

In this section, the indicators for assessing a crossing’s condition are briefly described.
These indicators are calculated based on the transition region and consist of the irregular contact ratio,
3-D acceleration responses and the fatigue area. To demonstrate the condition analysis procedure,
some typical examples of the measurement results from the monitored crossing are presented.

3.1. Transition Region

The transition region of a crossing is the location where the wheel load is transferred from the wing
rail to the nose rail (or vice versa, depending on the traveling direction). In practice, the wheel–rail contact
points in the crossing can be recognized by looking at the shining band on the rail surface. An example
of such a band on the monitored crossing is given in Figure 5 and denoted by the red triangle areas.
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Using these bands, the transition region can be then estimated by the overlapping area of the shining bands
on the wing rail and nose rail. Based on this image, the transition region of the monitored crossing is
located around 0.15–0.40 m as measured from the crossing’s theoretical point (TP).

 
Figure 5. Transition region of the monitored crossing.

From a performance point of view, the transition region is the most vulnerable part of the
crossing, since the rail is thinner and the wheel forces are higher than in the other parts of the turnout.
Therefore, to analyze the dynamic performance of the crossing, only the accelerations located within
the transition region are taken into account.

3.2. Wheel–Rail Impact Status

In an ideal situation, the wheel will pass through the transition region smoothly without flange
contact (Figure 6a). In such a case, the vertical acceleration (ay) will dominate the 3-D acceleration
responses. However, in real life, due to disturbances existing in the track, each wheel passes the
crossing at a different angle, which results in different impact accelerations in all the three directions.
Referring to the measurement results, the impact angle can be defined by the factor of k = az/ay. It has
been found [1] that when an impact factor exceeds a certain level (|k| ≥ 1), there is a large chance
that the wheel flange will hit the nose rail or wing rail of the crossing (depending on the direction).
Such flange contact is recognized as irregular positive (Figure 6b) or negative (Figure 6c) contact.

 
(a) (b) (c) 

Figure 6. Wheel–rail contact situations: (a) regular contact; (b) irregular positive contact when wheel
flange hits the crossing nose; (c) irregular negative contact when wheel flange hits the wing rail.

The irregular contact ratio is usually at a low level (below 3%) for well-maintained crossings,
but might dramatically increase when damage occurs to the crossing (above 20%) [1]. Thus, the irregular
contact ratio can be applied as a key indicator in assessing the conditions of railway crossings.
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3.3. 3-D Acceleration Responses

For the monitored crossing, the regular and irregular contact wheels showed dramatic differences in
the 3-D impact acceleration responses (a). For regular passing wheels, the impact vertical acceleration
was usually below 50 g, while such impact could be above 300 g for irregular passing wheels.
Examples of the 3-D acceleration responses from typical regular and irregular passing wheels are shown
in Figures 7 and 8, respectively. In order to better understand the wheel–rail contact, the transition
region obtained from field observation (Figure 5) is marked in the figures as a green line on the
horizontal axis.

(a) (b) (c) 

Figure 7. Examples of regular impact acceleration responses due to passing wheels. (a) Longitudinal
acceleration; (b) Vertical acceleration; (c) Lateral acceleration.

   

(a) (b) (c) 

Figure 8. Examples of regular (same as Figure 7) and irregular impact acceleration responses due to
passing wheels. (a) Longitudinal acceleration; (b) Vertical acceleration; (c) Lateral acceleration.

It can be seen from Figure 7 that ay is much higher than ax for a regular passing wheel, while az,
meaning that the impact factor (az/ay), is relatively small. It is also indicated that the wheel has two
impacts on the crossing, with the first one (22 g) in the transition region and the second one (34 g) after
the wheel load transit to the crossing nose rail. Even though the second impact has a higher amplitude,
the first one is more damaging, since in the first impact location the nose rail is much thinner than in
the second one.

For the irregular passing wheel presented in Figure 8, it can be seen that the impact was located
in the transition region, and the accelerations in all three directions were very close to each other (in
contrast to the regular passing wheel). Such a strong correlation of the acceleration responses reflects
the intense wheel impact on the crossing nose rail and the rough transition of the wheel load from wing
rail to the crossing nose rail. The big difference between the two typical wheel–rail impacts gives an
example of the violent fluctuation of dynamic response results that can be observed in such crossings.
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3.4. Impact Location and Fatigue Area

The impact location is defined as the point where the maximum wheel–rail impact occurs.
As described previously, the impact location is restricted within the transition region. For the example
given in Figure 4a, the impact location was 0.281 m from the TP.

The fatigue area is defined as the region where most of the wheel impacts are located and is
calculated based on multiple wheel passages. In monitoring the conditions of railway crossings,
the location and size of the fatigue area reflect the wheel load distribution along the crossing
nose. In general, farther impact locations from the TP and wider fatigue areas indicate a better
crossing condition.

In practice, to simplify the calculation procedure, the distribution of the wheel impacts due to
multiple wheel passages is assumed to be normal distribution, the mean value a is the impact location
and the confidence interval [a− σ, a + σ] is recognized as the fatigue area. An example of the fatigue
area of the monitored crossing during a single day is given in Figure 9.

 

 
Figure 9. Example of fatigue area calculation.

In this example, the wheel impact location was a = 0.305 m, and the standard deviation of the
simplified normal distribution was σ = 0.063 m. Therefore, the fatigue area for the crossing during
this monitoring day was between 0.242 and 0.368 m, with a size of 0.126 m. It can be noticed that the
calculated fatigue area is not accurate, yet for condition monitoring in the long term, such simplification
can provide reasonably acceptable results and highly improve the efficiency of data analysis.

3.5. Results from Multiple Monitoring Days

In order to describe the development of the crossing’s condition, the indicators are mainly used as
statistical results over multiple monitoring days. An example of the development of vertical crossing
acceleration responses as well as an irregular contact ratio is given for a span of 16 days in Figure 10.
In this period, no track activities (e.g., maintenance) were performed, and the time frame was relatively
too short for the condition of the crossing to degrade; therefore, the crossing condition can be assumed
to be stable.
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Figure 10. Development of the vertical acceleration responses in the monitored period. (a) Mean value
of the vertical acceleration; (b) irregular contact ratio; (c) distribution of the acceleration responses for
each day.

From Figure 10a it can be seen that the overall trend of the mean value of the accelerations is
relatively stable, while the fluctuations of the responses are quite significant. The vertical accelerations
have a minimum value of 84 g and a maximum value of 182 g. Such fluctuations resemble the
fluctuations of the irregular contact ratio (Figure 10b). This resemblance will be further studied in the
correlation analysis. It should be noted that the irregular contact ratio in the monitored period was
above 10%, and for some days even it was higher than 30%, which is much higher than the previously
studied 1:15 crossing [1] and reflects the abnormal condition of the monitored 1:9 crossing.

To summarize, the analyzed results have shown the following interesting features:

• a large difference in the dynamic responses from one passing wheel to another;
• a high irregular contact ratio due to multiple wheel passages during a single monitoring day; and
• highly fluctuating acceleration responses, as well as an irregular contact ratio during the short

monitoring period.

All these features of the monitored 1:9 crossing indicate quite different performances from the
previously studied 1:15 crossing. Investigating the sources of the fluctuation is necessary for a proper
assessment of the crossing condition. Also, some condition indicators such as impact acceleration and
the irregular contact ratio show possible correlations with each other. Figuring out the relationships
between these indicators can help to reduce the amount of the required data, which will improve the
efficiency of the post processing of the measurement results. These two questions can be investigated
using correlation analysis, which will be presented in the next section.

4. Correlation Analysis

As discussed in the previous section, a high fluctuation was observed in the vertical acceleration
responses to the monitored crossing over a short period of time, and was unlikely to be related to
structural changes. Considering that the interference factors from the train were minimized by data
selection, one possible cause of the fluctuating dynamic responses might have been the continuously
changing weather conditions.

4.1. Influence of the Weather

It was discovered in the previous study [24] that temperature variation shows a good correlation
with the acceleration fluctuation. In that study, the temperature fluctuation was considered to be the
result of the duration of sunshine or precipitation. In order to assess the impact of the weather more
accurately, the influences of weather conditions—including mean value of the daily temperature, daily
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sunshine and precipitation duration—will be analyzed. Figure 11 shows the fluctuation of crossing
vertical acceleration responses with varying weather conditions.

 
Figure 11. Development of vertical acceleration together with the durations of sunshine
and precipitation.

From Figure 11 it can be seen that the fluctuating durations of sunshine showed a similar pattern
to the crossing’s vertical acceleration responses. There seems to be connection between these two
variables. For durations of precipitation, the connection with the vertical acceleration responses was
lower. In order to quantitatively assess the impact of the weather, the correlations between the weather
variables and condition indicators must be analyzed.

The weather data are obtained from the Royal Dutch Meteorological Institute (KNMI) [27] in days,
and mainly consist of the following items:

• sunshine duration per day (Ds); and
• precipitation duration per day (Dp).

The crossing condition indicators were obtained from the crossing instrumentation, and the
statistical results based on multiple monitoring days have been applied. The analyzed indicators
include the following parts:

• longitudinal, vertical and lateral acceleration responses (a: ax, ay and az, respectively);
• an irregular contact ratio (Ir); and
• wheel impact location (Lo) and size of the fatigue area (Fa).

4.2. Pearson’s Correlation Coefficient

In statistics, the linear correlation between two variables is normally measured using Pearson’s
correlation coefficient r. For two variables X and Y with the same sample size of n, r can be obtained
using the following formula:

rX,Y =
cov(X, Y)
σXσY

=
E[(X − μX)(Y − μY)]

σXσY
=

1
σXσY

· 1
n

n∑
i=1

[(xi − μX)(yi − μY)] (1)

X = X(x1, x2, . . . xn), Y = Y(y1, y2, . . . yn) (2)

where

• cov(X, Y) is the covariance of X and Y;
• σX & σY are the standard deviations of X & Y, respectively;
• μX & μY are the mean values of X & Y, respectively; and
• E[. . .] is the expectation of the given variables

When X is in direct/inverse proportion to Y, then the correlation coefficient is

rX,Y =
E[(X − μX)(Y − μY)]

σXσY
= ±σXσY
σXσY

= ±1 (3)
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If X and Y are independent, then the variable of (xi − μX)(yi − μY) (1) could be a random positive or
negative value. In case of a large amount of data (n→∞ ),

lim
1
n

n∑
i=1

[(xi − μX)(yi − μY)] = 0 (4)

Therefore, the value range of the correlation coefficient is rX,Y = [−1, 1]. rX,Y = ±1 means that the
two variables X and Y are perfectly correlated, and rX,Y = 0 means that X and Y have no correlation
with each other. Otherwise, X and Y are considered partly correlated.

In different research fields, the gradation of the correlation index may have notable distinctions [28].
In some domains such as medicine and psychology, the requirement of the correlation coefficient—that
a strong correlation is defined as |r|≥ 0.7—is relatively strict, while in other domains such as politics,
|r|≥ 0.4 can already be considered a strong correlation. In this study, the structural responses and
weather were indirectly associated. The three-level guideline modified from [29] is applied for the
correlation strength analysis, as shown in Table 1.

Table 1. The three-level correlation strength guideline.

r Correlation Strength

|r| < 0.3 Weak
0.3 ≤ |r| < 0.5 Moderate
0.5 ≤ |r| < 1 Strong

4.3. Correlation Analysis

In the analysis presented here, the correlations between the dynamic responses of the crossing
(a, Ir, Lo and Fa) and the weather-related variables (Tm, Ds and Dp) are studied. The data used for the
correlation analysis are from 16 monitoring days (the same as in Figure 10, n = 16 in Equation (2)).
The correlation within each group of parameters, as well as the cross-correlation between these two
groups of parameters, will be analyzed.

The results are presented in Table 2. Nomenclature in the table is presented earlier in Section 4.1.
The strong, moderate and weak correlation coefficients are marked with red, blue and black colors,
respectively. The correlation results will be analyzed in the different categories presented below.

Table 2. Correlation coefficients for dynamic responses and weather variables.

r ax ay az Ir Lo Fa Ds Dp

ax 1 0.98 0.99 0.84 −0.30 −0.56 0.43 −0.23

ay 1 0.99 0.79 −0.37 −0.51 0.36 −0.17

az 1 0.85 −0.32 −0.53 0.42 −0.22

Ir 1 −0.09 −0.42 0.40 −0.22

Lo 1 0.36 −0.39 0.14

Fa 1 −0.63 0.38

Ds 1 −0.54

Dp 1

4.3.1. Correlation of the Dynamic Responses

It can be seen from Table 2 it can be seen that the 3-D acceleration responses (ax, ay and az) are
very strongly correlated to each other. The irregular contact ratio (Ir) and the size of fatigue area (Fa)
are also strongly correlated with a(ax, ay and az). It can be noted that the correlations between Fa

and a are negative, meaning that the increase of a is usually accompanied with the reduction of Fa.
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The correlations of the impact location (Lo) with other dynamic responses are not strong, meaning that
Lo is relatively independent from the other dynamic response. Some typical correlation results of the
dynamic responses (framed in Table 2) are further discussed below.

The very strong correlations of ax, ay and az (r ≈ 1) indicate that the 3-D accelerations are
synchronously developed. The correlation between ay and az is demonstrated in Figure 12a. Therefore in
practice, it is possible to use the accelerations only in one direction (e.g., ay) to analyze the crossing
behavior, which can help improve the efficiency in processing the measurement data.

  

(a) (b) 

Figure 12. Correlations of the dynamic responses. (a) ay-az; (b) Ir-ay.

The strong correlations between Ir and a (Figure 12b) clearly indicate that the high acceleration
responses are to a great extent contributed by the high ratio of irregular contact. This phenomenon
could have been caused by temporary (not residual) rail displacements due to varying temperature
forces in the rail. It has to be noted that all these responses (Ir and a) fluctuated violently, a phenomenon
that was likely caused by instable track conditions that were possibly affected by changes in weather
conditions. This assumption will be verified later using a numerical model.

Figure 13 shows the correlation between ay and Lo. The negative result means that when a
increased, there was a tendency for Lo to be shifted closer to the crossing’s theoretical point, although
the moderate correlation strength (r = −0.37) indicates that the connection between a and Lo was
rather limited. This might have been because the shift of Lo was a long-term effect of rail geometry
degradation [1]. However, the rail geometry was unlikely to be changed during the relatively short
monitoring period (16 days), so the temporary change of a might not have directly resulted in the shift
of Lo.
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(a) (b) 

Figure 13. Correlations of the dynamic responses. (a) ay-Lo; (b) Fa-ay.

The correlation between Fa and ay is shown in Figure 13b. Compared with Lo, Fa was more likely
to be reduced due to the increase of a. Combined with the strong correlation between a and Ir, it can be
deduced that the impact locations of the irregular contact wheels tended to be centralized, while those
of regular contact wheels were decentralized. Such a result confirms that a wider fatigue area will to
some extent indicate a better crossing performance.

4.3.2. Correlation of the Weather Conditions

As can be seen from Table 2, the precipitation duration (Dp) had a strongly negative correlation
with the sunshine duration (Ds), as shown in Figure 14.

 
Figure 14. Correlation results between the sunshine and precipitation durations (Ds-Dp).

For the weather variables, Ds and Dp can be considered as two opposite weather conditions.
From this point of view, the correlation coefficient of r = −0.54 is not very strong. Such results could
be explained by the existence of cloudy/overcast conditions, and weather in a single day can switch
among sun, rain and clouds/overcast. It can be noticed that in the monitored period, precipitation only
occurred in 6 of the 16 days, which to some extent shows the complicity of the weather conditions.
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4.3.3. Cross-Correlation between Dynamic Responses and Weather Conditions

According to the correlation results presented in Table 2, the cross-correlations of Dp with the
dynamic responses are quite limited, except the moderate correlation with Fa. Meanwhile, Ds was
strongly correlated with Fa and moderately correlated with all the other dynamic responses.

The moderate correlation between Ir and Ds is shown in Figure 15a. Such a result can be explained
by the fact that an increase in rail temperature due to sunshine causes the displacements in the turnout.
Due to these geometrical changes, the wheel cannot pass the crossing normally anymore and results in
the increase of the irregular contact. Such a result is consistent with the moderate correlations between
Ds and a.

(a) (b) (c) 

Figure 15. Cross-correlation results between the dynamic responses and weather conditions: (a) Ir-Ds;
(b) Fa-Ds; (c) Fa-Dp.

The correlation of Ds with Fa was stronger than with the other dynamic responses (r = −0.63,
Figure 15b), meaning that sunshine-initiated rail displacements were likely to occur primarily in
centralized impact locations, which may have increased the likelihood of irregular contact.

An example for demonstrating the influence of sunshine on the dynamic responses of the
monitored crossing is given in Figure 16. In this example, there was hardly any sunshine on one day
(11.02), and a long period of sunshine on another day (11.03) (Figure 11). It can be seen that on 11.03
(with sunshine), Ir was higher (Figure 16a) and Fa was slightly narrower (Figure 16b). Such results
indicate that the temporary effect of sunshine can lead to changes in the crossing performance.

(a) (b) 

Figure 16. Influence of sunshine on the dynamic responses. (a) Vertical acceleration distribution;
(b) fatigue area analysis.

The moderate correlation between Dp and Fa is shown in Figure 15c. Considering that the
correlations between Dp and Ds were not very strong, the moderate correlation between the dynamic
responses and weather conditions can already indicate a measure of impact. An example of the
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measured dynamic responses of the crossing for a day without precipitation (11.04) and a day with
precipitation (11.05, Figure 11) are shown in Figure 17.

  

(a) (b) 

Figure 17. Influence of precipitation on the dynamic responses. (a) Vertical acceleration distribution;
(b) fatigue area analysis.

It can be seen in Figure 17 that on the day with precipitation (11.05), Ir was slightly lower than
on the day without precipitation (11.04), and Fa was wider. The reason for such results could be that
precipitation may reduce the friction coefficient on the rail’s surface and make the transition of the
wheel load smoother. This assumption will be verified using a numerical model in the next section.

It should be mentioned that the subgrade of the monitored crossing was relatively soft, with
canals on both sides of the track. Persistent precipitation could change the property of the subgrade
and further affect the dynamic performance of the track. Therefore, the influence of precipitation can
be quite complicated.

Based on the correlation analysis, the main conclusions can be drawn as follows:

• The accelerations in all three directions developed synchronously. In monitoring crossing
conditions, it is sufficient to use vertical acceleration to represent the 3-D acceleration responses.
Through this, the data processing procedure can be simplified.

• The strong correlation between Ir and ay indicates that irregular contact is likely to result in
high-impact accelerations. Such a result confirms that Ir can be used as an indicator for assessing
crossing conditions. A high value of Ir indicates a degraded condition of the monitored crossing.

• The high (moderate/strong) correlation results between Ds and the dynamic responses of the
crossing clearly indicate the influence of weather. It can be concluded that significant fluctuations
in accelerations during a relatively short period are caused by changes in weather conditions.
To verify this, a numerical model will be used in the next section.

5. Numerical Verification

In general, solar radiation is one of the major sources of rail thermal force. Depending on the
sunshine duration, the associated rail temperature can rise to 40 ◦C higher than the ambient air
temperature [30]. The change in rail temperature will increase the rail stress and amplify lateral
displacements in the rail. The lateral displacements will then increase the uncertainty of the impact
angle of a wheel in the railway crossing, eventually leading to an increase in the acceleration responses
of some passing wheels, as shown in Figure 10.

Precipitation will introduce water to the rail surface that acts as a lubrication layer, which will
reduce the friction coefficient in the wheel–rail interface [21]. It has been studied [31] that a low friction
coefficient can be helpful in reducing hunting oscillation and, in contrast to sunshine, can reduce the
impact angle of a wheel in the railway crossing.
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The above-mentioned effects of temperature and friction variation corresponding to sunshine and
precipitation are implemented in the multi-body system (MBS) model described below.

5.1. MBS Model Setup and Validation

In order to verify the weather effect hypotheses, a model for analyzing vehicle-crossing interaction
developed according to the MBS method (implemented in VI-Rail software) will be used, as shown in
Figure 18a. The track model is a straight line with a crossing panel (Figure 18b) situated in the middle
of the track. The total length of the track model is 100 m, which allows enough preloading time for the
vehicle before it enters into the crossing panel, as well as enough space after the vehicle passes through
the crossing. The crossing geometry is defined by the control cross-sections, and the profiles between
two pre-defined cross-sections are automatically interpolated using the third-order spline curve. In the
track model, the rail is considered to be lumped masses on the sleepers connected with a massless
beam. The flexible layers under the rail are the rail bushing that represents the rail pads and clips,
and the base busing representing the ballast bed (Figure 18c).

 
Figure 18. MBS model. (a) Vehicle-track model; (b) crossing profiles; (c) flexible connections in
the model.

The crossing model is the same as the monitored 1:9 casted manganese crossing with a rail type of
UIC54 E1. The track parameters of Dutch railways [32] applied in the model are shown in Table 3.

Table 3. Track parameters applied in the MBS model.

Track Components Stiffness, MN/m Damping, kN·s/m

Rail pad/Clips
Vertical 1300 45
Lateral 280 580

Roll 360 390

Ballast 45 32

The vehicle model was developed based on a VIRM locomotive with a total length of 27.5 m
comprising a car body, front bogie and rear bogie. In the vehicle model, the car body and bogie frames,
as well as the wheel sets, are modelled as rigid bodies with both primary and secondary suspensions
taken into account (Figure 18c) [33]. The vehicle travels with a velocity of 140 km/h, the same as in the
data analysis measurements. The wheels use a S1002 profile with a wheel load of 10 t. The wheel–rail
contact model is defined as the general contact element and uses actual wheel and rail profiles as an
input, which allows variable wheel and rail profiles.

The MBS vehicle–track model was validated using the measured acceleration responses from
the crossing with the same design and stable conditions. Since the validation simulation was based
on ideal track conditions, only the acceleration responses with regular wheel–rail contact were used
in the comparison. The selected element for acceleration extraction was the rail with lumped mass
(Figure 19a) from the same location as the instrumented accelerometer (Figure 2).
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(a) (b) 

Figure 19. MBS model validation: (a) rail element for acceleration extraction; (b) comparison of MBS
simulated acceleration with the measured ones in a time domain.

The validation results are shown in Figure 19b. It can be seen that the simulation results (red line)
are quite comparable with the measured accelerations (black line). The magnitude of the simulated
vertical acceleration during impact was around 55 g, which is comparable with the mean value of
the measured acceleration responses (47 g). Although tolerable deviations of the impact signals exist,
the simulation results agree reasonably with the measurements. It can be concluded that the MBS
model can catch the main features of the wheel–rail impact during crossing and can be used to analyze
crossing performance. Further details about the numerical model development and validation can be
found in [34].

5.2. Numerical Analysis

5.2.1. Effect of Sunshine

In the previous study [35], the displacements of a turnout due to the change of the rail temperature
were analyzed using a finite element (FE) model. The simulation results indicated that when the rail
temperature was increased (from a stress-free temperature) by 40 ◦C, the turnout rails were laterally
displaced up to 4 mm, as shown in Figure 20a. These results are applied in the MBS vehicle-crossing
model as the sunshine-initiated lateral displacements. It should be noted that this simulation is
based on ideal track conditions. In the case of a degraded track, the temperature-initiated lateral
displacements could be amplified.

 
(a) (b) 

Figure 20. (a) Temperature-initiated rail lateral displacement in FE simulation (adapted from Figure
11.15 in [23]); (b) the monitored crossing.

In order to take the track degradation into account for the degraded track condition, the input
lateral rail displacements in the MBS model are assumed to be twice as high as the ideal track condition
(with maximum lateral rail displacements of 8 mm). The effect of precipitation is not taken into account
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and the friction coefficient of f = 0.4 is used. Based on the above assumptions, the vertical accelerations
and transition regions of the rail are simulated and presented below.

The calculated transition regions under different track conditions are shown in Figure 21. In the
reference condition with no lateral displacement in the track, the sizes of the transition regions for
the front wheel and the rear wheel are both 0.031 m [34]. When the temperature-initiated track
displacements are taken into account, the transition regions shift closer to the theoretical point and
the sizes reduce dramatically to 0.015 m for the front wheel and 0.012 m for the rear wheel. For the
degraded track with higher rail displacements, the size of the transition region is only 0.004 m.

 
(a) (b) 

Figure 21. Transition regions of the crossing. (a) Front wheel; (b) rear wheel.

The vertical acceleration response of the rail due to passing wheels is shown in Figure 22. It can be
seen that lateral displacement in the rail can result in higher acceleration responses caused by both the
front and rear wheels. Combined with the results of the transition region (Figure 21), the simulation
results confirm the correlation results (Figure 15a,b) that the long sunshine duration, which will
result in a higher temperature in the rail, can lead to a centralized impact location and higher impact
acceleration responses at the crossing.

  
(a) (b) 

Figure 22. Vertical rail accelerations due to passing wheels. (a) Front wheel; (b) rear wheel.

It can be also seen that with the existence of rail displacement, the acceleration response caused
by the rear wheel is higher than that caused by the front wheel from the same bogie. These results
indicate that the performance of the rear wheel is not only affected by rail displacement, but also by
the passing condition of the front wheel.

In case of a degraded track, higher rail displacements may lead to much higher acceleration
responses as a result of both the front and rear wheels. Such impact accelerations (near 300 g) are
close to the amplitude of the acceleration responses due to the irregular impacts in the measurements
(Figures 16a and 17a). The simulation results prove that the lateral rail displacements caused by
increases in rail temperature, in combination with track geometry deviations, can result in high
wheel–rail impact accelerations.
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5.2.2. Effect of Precipitation

With the influence of precipitation, the friction coefficient ( f ) in the wheel–rail interface can
vary from 0.4 to 0.05 [35]. In this study, the precipitation effect is simulated by a reduction of f .
The temperature-initiated rail displacements under ideal track conditions are taken into account.
Calculations of rail accelerations resulting from passing wheels are shown in Figure 23.

  
(a) (b) 

Figure 23. Vertical accelerations of the rail due to the passing wheels. (a) Front wheel; (b) rear wheel.

For the front wheel, when f is reduced from 0.4 to 0.1, the impact acceleration gradually
reduces from 71 to 62 g. However, when f = 0.05, the maximum impact acceleration is increased to
83 g. Such results show that reducing the friction coefficient is not always helpful for the dynamic
performance of the crossing. For the rear wheel, the reduction of f results in a decreased impact
acceleration from 103 to 66 g. As discussed previously, the high rail acceleration responses due to the
rear wheel are affected by the movement of the front wheel. In this case, the lowered f can help the
wheelset return to a balanced position faster due to lower lateral restraint, which reduces the influence
of the front wheelset on the rear wheelset from the same bogie.

It can be concluded that the change of f due to precipitation has an influence on the dynamic
performance of the crossing, but the effect of a lower f is not always positive. Such results prove the
correlation results indicating that an increase of Dp tends to result in lower acceleration responses,
but the correlation strength is not high. The moderate correlation between Dp and Fa is also consistent
with the simulation results that each wheel passes through the crossing more independently, which
leads to less centralized impact locations.

5.3. Discussion

In this section, the MBS model for vehicle–crossing interaction analysis was briefly introduced.
Using this model, the sunshine and precipitation effects were simulated as rail displacements
and reduced f in the wheel–rail interface, respectively. The simulation results indicate that the
rail displacements due to sunshine can lead to an increase in wheel-crossing impact acceleration.
Combined with track degradation, such an effect could be highly amplified. Meanwhile, a lower f in
the wheel–rail interface due to precipitation might reduce the interaction effect of two wheelsets from
the same bogie, but cannot help improve track conditions. Combined with the measurement results,
it can be concluded that the monitored crossing was not in the ideal condition, and possessed a certain
degree of track degradation that made it more sensitive to changes in weather conditions.

6. Conclusions and Future Work

6.1. Conclusions

In this study, the conditions of a railway crossing were monitored, and the results were presented.
The indicators for assessing the conditions of a crossing were briefly introduced. Inspired by the
observed connection between vertical acceleration responses of the crossing and variations in the
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sunshine duration, correlations of the dynamic responses and weather conditions were calculated.
Using the vehicle-crossing MBS model, the influence of weather on the performance of the crossing
was verified. The main conclusions of this study can be drawn as follows:

• The strong correlations between the dynamic responses show that the measurement results can
be simplified and the crossing conditions can be assessed by only a few indicators (e.g., vertical
acceleration, irregular contact ratio and fatigue area).

• The correlation results between the dynamic responses of the crossing and sunshine duration
explain the fluctuation of dynamic responses over a short period of time. Such results confirm the
temporary influence of weather on the performance of a crossing.

• The correlation results between sunshine duration and precipitation duration, as well as between
precipitation duration and the dynamic responses of the crossing, indicate the complexity of the
effect of precipitation.

• The simulation results not only verify the impact of weather on the dynamic performance of the
crossing, but also indicate that the condition of the track at the monitored crossing was degraded.
In cases of track degradation, the influence of weather can be amplified.

In monitoring the conditions of railway crossings, the correlation results among dynamic responses
can be used to simplify measurement data. The verified weather effects explain the fluctuation of
the dynamic responses over a short time period, which provides the basis for the measurement data
regression. It should be noted that although sunshine variation is a short-term effect, the interaction
of sunshine with the degraded track can turn this temporary interruption into a permanent track
deformation, which will further accelerate the degradation of the track. In monitoring the conditions
of railway crossings, the influence of weather can be eliminated through data regression to describe
the structural degradation procedure, but the reflected track problem has to draw enough attention.
Ensuring good track condition will not only help prolong service life of the crossing, but will also
reduce the influence of varying weather conditions.

6.2. Future Work

This study was based on monitoring the conditions of railway crossings. It can be imagined that
weather variation might also have an impact on other track sections, especially vulnerable parts such
as transition zones, insulated joints, sharp curves, and so on. In the future, the effects of weather on
other parts can be further investigated, which will improve the universality of this study and provide
broader information for railway track management.
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5. Sowiński, B. Interrelation between wavelengths of track geometry irregularities and rail vehicle dynamic
properties. Arch. Transp. 2013, 25, 97–108.

6. Tsunashima, H. Condition Monitoring of Railway Tracks from Car-Body Vibration Using a Machine Learning
Technique. Appl. Sci. 2019, 9, 2734. [CrossRef]

7. Wei, Z.; Núñez, A.; Li, Z.; Dollevoet, R. Evaluating degradation at railway crossings using axle box acceleration
measurements. Sensors 2017, 17, 2236.

8. Wei, Z.; Shen, C.; Li, Z.; Dollevoet, R. Wheel–rail impact at crossings-relating dynamic frictional contact to
degradation. J. Comput. Nonlinear Dyn. 2017, 12, 041016. [CrossRef]

9. Ma, Y.; Mashal, A.A.; Markine, V.L. Modelling and experimental validation of dynamic impact in 1:9 railway
crossing panel. Tribol. Int. 2018, 118, 208–226. [CrossRef]

10. Xin, L.; Markine, V.L.; Shevtsov, I.Y. Numerical procedure for fatigue life prediction for railway turnout
crossings using explicit finite element approach. Wear 2016, 366, 167–179. [CrossRef]

11. Kassa, E.; Andersson, C.; Nielsen, J.C.O. Simulation of dynamic interaction between train and railway
turnout. Veh. Syst. Dyn. 2006, 44, 247–258. [CrossRef]

12. Wan, C.; Markine, V.L.; Shevtsov, I.Y. Optimisation of the elastic track properties of turnout crossings.
Proc. Inst. Mech. Eng. Part F J. Rail Rapid Transit 2016, 230, 360–373. [CrossRef]

13. Pålsson, B.A. Optimisation of railway crossing geometry considering a representative set of wheel profiles.
Veh. Syst. Dyn. 2015, 53, 274–301. [CrossRef]

14. Wan, C.; Markine, V.L.; Shevtsov, I.Y. Improvement of vehicle–turnout interaction by optimizing the shape of
crossing nose. Veh. Syst. Dyn. 2014, 52, 1517–1540. [CrossRef]

15. Wan, C.; Markine, V.L.; Dollevoet, R.P.B.J. Robust optimisation of railway crossing geometry. Veh. Syst. Dyn.
2016, 54, 617–637. [CrossRef]

16. Kassa, E.; Nielsen, J.C.O. Dynamic interaction between train and railway turnout: Full-scale field test and
validation of simulation models. Veh. Syst. Dyn. 2008, 46, 521–534. [CrossRef]

17. Markine, V.L.; Shevtsov, I.Y. An experimental study on crossing nose damage of railway turnouts in the
Netherlands. In Proceedings of the 14th International Conference on Civil, Structural and Environmental
Engineering Computing, Cagliari, Italy, 3–6 September 2013.

18. Xin, L.; Markine, V.L.; Shevtsov, I.Y. Numerical analysis of the dynamic interaction between wheelset and
turnout crossing using explicit finite element method. Veh. Syst. Dyn. 2016, 54, 301–327. [CrossRef]

19. Wan, C.; Markine, V.L. Parametric study of wheel transitions in railway crossings. Veh. Syst. Dyn. 2015, 53,
1876–1901. [CrossRef]

20. Arias-Cuevas, O. Low Adhesion in the Wheel-Rail Contact. Ph.D. Thesis, Delft University of Technology,
Delft, The Netherlands, 2010.

21. Chen, H.; Ban, T.; Ishida, M.; Nakahara, T. Effect of water temperature on the adhesion between rail and
wheel. Proc. Inst. Mech. Eng. Part J J. Eng. Tribol. 2006, 220, 571–579. [CrossRef]

22. Ertz, M.; Bucher, F. Improved creep force model for wheel/rail contact considering roughness and temperature.
Veh. Syst. Dyn. 2002, 37, 314–325. [CrossRef]

23. Arts, T.M.H. Measuring the Neutral Temperature in Railway Track During Installation and Use. Master’s
Thesis, Delft University of Technology, Delft, The Netherlands, 2011.

24. Markine, V.L.; Liu, X.; Mashal, A.A.; Ma, Y. Analysis and improvement of railway crossing performance
using numerical and experimental approach: Application to 1:9 double crossovers. In Proceedings of
the 25th International Symposium on Dynamics of Vehicles on Roads and Tracks, Queensland, Australia,
14–18 August 2017.

25. Wegdam, J.J.J. Expert Tool for Numerical & Experimental Assessment of Turnout Crossing Geometry.
Master’s Thesis, Delft University of Technology, Delft, The Netherlands, December 2018.

26. Markine, V.L.; Shevtsov, I.Y. Experimental Analysis of the Dynamic Behaviour of Railway Turnouts.
In Proceedings of the 11th International Conference on Computational Structures Technology, Dubrobnik,
Croatia, 4–7 September 2012.

27. Koninklijk Nederlands Meteorologisch Instituut (KNMI, Royal Dutch Meteorological Institute). 2015.
Available online: https://www.knmi.nl/nederland-nu/klimatologie/daggegevens (accessed on 10 November 2018).

28. Akoglu, H. User’s guide to correlation coefficients. Turk. J. Emerg. Med. 2018, 18, 91–93. [CrossRef] [PubMed]
29. Cohen, J. Statistical Power Analysis for the Behavioral Sciences, 2nd ed.; New York University: New York, NY,

USA, 1988.

242



Sensors 2019, 19, 4175

30. ProRail. Instruction of Procedures at Extreme Weather Conditions RLN00165, Version 002; ProRail: Utrecht, The
Netherlands, 2003.

31. Ohyama, T. Tribological studies on adhesion phenomena between wheel and rail at high speeds. Wear 1991,
144, 263–275. [CrossRef]

32. Hiensch, M.; Nielsen, J.C.O.; Verheijen, E. Rail corrugation in The Netherlands—Measurements and
simulations. Wear 2002, 253, 140–149. [CrossRef]

33. VI-grade GmbH. VI-Rail 16.0 Documentation;© 2014 VI-Grade Engineering Software & Services: Marburg,
Germany, 2014.

34. Liu, X.; Markine, V.L. Validation and Verification of the MBS Models for the Dynamic Performance Study of
Railway Crossings. Eng. Struct. (under review).

35. Arts, T.M.H.; Markine, V.L.; Shevtsov, I.Y. Modelling turnout behaviour when achieving a neutral temperature.
In Proceedings of the First International Conference on Railway Technology: Research, Development and
Maintenance, Las Palmas de Gran Canaria, Spain, 18–20 April 2012.

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

243



sensors

Article

A Novel Monitoring Approach for Train Tracking
and Incursion Detection in Underground Structures
Based on Ultra-Weak FBG Sensing Array

Qiuming Nan 1, Sheng Li 1,*, Yiqiang Yao 2, Zhengying Li 2, Honghai Wang 1, Lixing Wang 1 and

Lizhi Sun 3

1 National Engineering Laboratory for Fiber Optic Sensing Technology, Wuhan University of Technology,
Wuhan 430070, China; nqm0723@whut.edu.cn (Q.N.); wanghh@whut.edu.cn (H.W.);
lxwang@whut.edu.cn (L.W.)

2 School of Information Engineering, Wuhan University of Technology, Wuhan 430070, China;
yqyao@whut.edu.cn (Y.Y.); zhyli@whut.edu.cn (Z.L.)

3 Department of Civil and Environmental Engineering, University of California, Irvine, CA 92697-2175, USA;
lsun@uci.edu

* Correspondence: lisheng@whut.edu.cn

Received: 23 May 2019; Accepted: 12 June 2019; Published: 13 June 2019

Abstract: Tracking operating trains and identifying illegal intruders are two important and critical
issues in subway safety management. One challenge is to find a reliable methodology that would
enable these two needs to be addressed with high sensitivity and spatial resolution over a long-distance
range. This paper proposes a novel monitoring approach based on distributed vibration, which is
suitable for both train tracking and incursion detection. For an actual subway system, ultra-weak fiber
Bragg grating (FBG) sensing technology was applied to collect the distributed vibration responses
from moving trains and intruders. The monitoring data from the subway operation stage were directly
utilized to evaluate the feasibility of the proposed method for tracking trains. Moreover, a field
simulation experiment was performed to validate the possibility of detecting human intrusion.
The results showed that the diagonal signal pattern in the distributed vibration response can be used
to reveal the location and speed of the moving loads (e.g., train and intruders). Other train parameters,
such as length and the number of compartments, can also be obtained from the vibration responses
through cross-correlation and envelope processing. Experimental results in the time and frequency
domains within the selected intrusion range indicated that the proposed method can distinguish
designed intrusion cases in terms of strength and mode.

Keywords: underground structure safety; train tracking; incursion detection; ultra-weak FBG;
distributed vibration; dynamic measurement

1. Introduction

During the last few decades, the construction of urban subways has developed rapidly worldwide
and particularly in China. Aiming to ensure the operational safety of subways, a wide range of
research effort has been undertaken in the fields of the subway fires [1–3], structural safety [4–7],
and perimeter invasion [8–11]. Among these three fields, structural safety monitoring and perimeter
intrusion detection are of more concern than fire monitoring due to the diversification of demand.
For long-distance monitoring needs, especially for subway tunnels, distributed fiber-optic sensing
technology has been widely recognized as the most promising means of addressing complex needs
due to its advantages of large-scale monitoring, high sensitivity, and multiplexing capabilities [12].
For instance, the safety monitoring of subway structures based on Brillouin optical time domain
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reflectometry (BOTDR) technology [13] has been reported [14,15]. In addition to BOTDR-based static
measurement, distributed fiber-optic sensors for dynamic measurement [16], especially distributed
acoustic sensing (DAS) technology [17,18] have been another research hotspot. The use of DAS
technology to ensure the safety of subway operations has also attracted widespread attention for both
engineers and researchers.

As one of the main concerns for ensuring the operational safety of the subway, tracking e subway
trains occupies an important position in the train operation control system; tracking is directly related
to train safety and affects the transportation efficiency of the rail transit. In addition to tracking
trains in operation, positioning illegal intruders and preventing the risk caused by such intrusion
events—which usually occur during the subway outage periods—is another issue worth noting. For the
former, Peng et al. [19] reviewed the shortcomings of conventional train positioning techniques and
pioneered investigation of the feasibility of train positioning and speed monitoring through Φ-OTDR
technology, in which the spatial resolution of the common optic fiber reaches 20 m. He et al. [20]
reported a DAS-based method for condition monitoring of the running train, claiming that the train
positioning error was less than 20 m. For human intrusion, Catalano et al. [21,22] reported an incursion
detection system for railway security using two types of fiber Bragg grating (FBG) sensors, which is
apparently only applicable to a limited protection area due to the restricted multiplexing capacity
of FBG. In addition, He et al. [23] presented research on railway perimeter safety based on DAS
technology, which has a spatial resolution of only 10 m in the reported application scenarios.

Obviously, the dynamic measurement techniques based on DAS provide feasible detection methods
for train tracking and human intrusion. Yet, there are still few research efforts on integrated methods
for both train tracking and intrusion detection. Compared with DAS technology using common optic
fiber, ultra-weak FBG arrays based on the draw tower [24,25] using sensing optic fiber integrates both
advantages of fiber optic point sensors and distributed sensors. This technology is a new way to
achieve high-precision, fast and wide coverage distributed measurement. Previous research around
this technology has focused more on monitoring strain, temperature or strain-based deformation for the
object of interest [26–28]. In addition, a multi-parameter measurement system based on an ultra-weak
FBG array with sensitive material was proposed in [29]. However, all this research is still limited to
static indicators. In fact, ultra-weak FBG array is also adept at performing dynamic monitoring [30,31]
in addition to the above positive characteristics usually witnessed in static measurement. The reports
in [16,32–34] revealed that the ultra-weak FBG array can not only be used for both static and dynamic
measurements, but also has a higher signal-to-noise ratio (SNR) than that of DAS sensors. It is
known that higher SNR often leads to better sensing performances such as higher measurement
accuracy, faster response time and simpler detection circuit. Therefore, the ultra-weak FBG array
is more suitable than DAS when dealing with distributed vibration and other scenarios requiring
high-speed measurement.

To eliminate the need for two separate systems, improve measurement efficiency and reduce
overall cost, this paper explored the feasibility of addressing train tracking and human intrusion in
subway systems using distributed vibration measurement based on the ultra-weak FBG sensing array.
The experimental results of identifying running trains and intruders in an actual subway are reported.
The sensing and monitoring principles make up the second part of this paper, followed by the details
of the design and field arrangement used to validate the proposed method. Finally, the effectiveness
on tracking and detecting the objectives of interest is discussed based on the experimental results
represented by the responses of distributed vibration of the ultra-weak FBG array.

2. Sensing and Monitoring Principles

Figure 1 illustrates the distributed vibration sensing principle used to detect distributed vibration
generated by moving loads, such as trains, intruders and so on. The phenomenon of light interference
caused by the reflection signals of adjacent two ultra-weak FBGs is used to detect the vibration of
the object of interest. Here, the ultra-weak FBG [35] is regarded as a mirror, and L represents the
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distance that causes light interference. In order to ensure a stable optical interference effect and
overcome the occurrence of optical interference failure due to the difficulty of matching adjacent
ultra-weak FBG caused by, for example, temperature variation drift, ultra-weak FBG in the array uses
3 nm wideband FBG. In addition, since the temperature changes slowly with respect to vibration,
the temperature influence is ignored in the demodulation process of the vibration. The spatial
resolution of the distributed vibration along the sensing optic fiber is typically determined by the
parameter L. The sensitivity and the frequency response of the vibration signal measured by the
strain-induced phase variation between two ultra-weak FBGs are improved by the interferometer.
Here, Faraday rotating mirrors are utilized in the demodulation process of the ultra-weak FBG array
to suppress the polarization effect. Moreover, the 3-by-3 coupler phase demodulation algorithm
is used to reconstruct the time domain signal, and restore the phase information of the vibration
signal, through which the interrogation of the vibration frequency and amplitude can be realized.
Further, the optical time domain reflectometry technique is utilized to achieve vibration localization,
and therefore, increasing the length of the optical cable will prolong the sampling interval of the
vibration signal and reduce the response bandwidth of the system.

 
Figure 1. Sensing principle of distributed vibration detection-based on ultra-weak FBG array.

The high sensitivity of large-scale ultra-weak FBGs and the corresponding demodulation system of
high speed [36] make the sensing optic fiber particularly suitable for locating structural vibration excited
by moving loads occurring within a long-distance range. In addition, the previous study [37] revealed
the repeatability of such a sensor represented by strain is around 3.41 nano epsilon. When dealing
with train tracking and intrusion detection, either the train or intruder movement can be regarded
as a vibration source. Owing to such excitation, the surface waves propagate omni-directionally on
the ground. Because the surface wave couples to the track bed and rail track, distributed sensing
optic fiber mounted beside the rail track along the subway can detect the vibration generated by
a passing train or human footsteps (see Figure 2). The light interference region indicated by the
address of ultra-weak FBG can be interrogated with the time- and wavelength-division multiplexing
method [38,39], causing each known light interference region along the sensing optic fiber to have
a determinate correspondence with the mileage. This also indicates that querying the interference
region generated by the distributed vibration excitation is a viable way to track or detect the moving
load of interest.
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Figure 2. Monitoring principle of capturing the two types of moving loads of interest based on
distributed vibration.

Moreover, the speed of the train or intruder can be determined through the τ lag time described in
cross-correlation Equation (1) and the known distance between regions i and j as depicted in Figure 2.

Rsisj(τ) = lim
T→∞

1
T

∫ T

0
Si(t)Sj(t + τ) (1)

where Si(t) and Sj(t) represent the vibration response at light interference regions i and j, respectively.
The lag time τ is equal to the duration from the regions i to j. Further, through draw-tower grating
preparation with five-meter equidistance between adjoining FBGs along the sensing optic fiber,
the spatial resolution of the sensing optic fiber discussed in this paper enabled better positioning
accuracy of tracking the train and intruder than that of the above-mentioned reports in actual
engineering practice.

3. Design and Field Arrangement for the Experiments

3.1. Engineering Background of the Trial

An actual tunnel structure (Wuhan Metro Line 7) was used in this study. Before the operation of
the subway, the ultra-weak FBG sensing optic fiber with armored protection using a layer-stranding
structure with a loose tube was installed on structure surfaces of the selected tunnel segments, as in
the actual layout shown in Figure 3. Here, the research on identifying the two types of moving
loads was primarily based on the track bed response. To better obtain the vibration response of the
track bed, three methods for fixing the sensing optic fiber to the track bed were tried to evaluate the
suppression effect of the disturbance vibration—namely, fixture fixing, epoxy adhesive and shallow
groove embedding. The typical vibration responses of a monitoring zone induced by passing trains
in each fixing method are shown on the right side of Figure 3. It can be seen that as the coupling
constraint between the sensing array and the track bed increased, the amplitude symmetry of the
vibration response improved, and the peak regularity of the vibration response associated with train
excitation became clear. Therefore, shallow groove embedding was adopted to affix the sensing array
to secure a better signal output.
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(a) 

(b) 

(c) 

Figure 3. Methods of affixing distributed vibration sensing optic fibers and typical vibration response
induced by train: (a) fixture fixing, (b) epoxy adhesive, and (c) shallow groove embedding.

The designed monitoring system can guarantee five kilometers array length and reach multiplexing
capacity of 1000 ultra-weak FBGs. As shown in the schematic diagram in Figure 4, the experimental
area covered three underground stations with a total length of nearly three kilometers. Due to the
spatial resolution of the sensing optic fiber and the specific layout of the tunnel structure, more than
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500 vibration regions labeled #1 to #515 along the track bed can be distinguished based on the
interrogated address of the light interference. It can be seen from the right side of Figure 4 that
in addition to the common track bed structure, the damping track bed was also included in the
experimental area. During the trial, the real-time vibration responses with a 1 kHz sampling rate
were fully transmitted back to the platform monitoring center and processed by the demodulator and
servers. Since the ultra-weak FBG array was fabricated simultaneously in the optic fiber drawing,
there was no additional splice in the sensing optic fiber equipped with armored protection, except for
the pigtail that needed to be connected to the demodulation instrument.

Figure 4. Schematic diagram of experimental area covering different track bed structures.

3.2. Train Tracking Trial

Because the subway line has already been in operation, the distributed vibration responses of the
experimental area caused by the train were automatically collected and directly taken as the raw data
for the trial. In addition to observing the response caused by the train traveling in the subway tunnel
monitored by the sensing optic fiber, the test discussed the identifiability of the sensing optic fiber to
the train moving in the opposite direction in the adjacent tunnel. Based on the single point response
and overall distribution characteristics, the detection capabilities of the following indicators were
discussed in turn: the speed and position of the train, the response difference between the common
and damping tracks, and other parameters of the train.

3.3. Intruder Detection Trial

To ensure the safe operation of the subway in the following day, various manual inspections are
usually carried out at the subway outage in the early hours of the morning. We conducted the incursion
test at this inspection window; this is also the period in which illegal intrusion usually occurs. Based on
the specific circumstances and various scheduled tasks, a range in the area of the damping track bed
was approved for performing multiple sets of simulated intrusion tests. To minimize cross interference
from other simultaneous inspections, the trials were primarily concentrated within a 130 m range of
the selected tunnel area. As shown in Figure 5, the trials simulated single and multi-person intrusion
scenarios and considered the intrusion patterns of walking and jogging. In each trial, the participant in
the simulation test made a round trip within the designed intrusion area.
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Figure 5. Simulated human intrusion scenarios along the rail track in the selected tunnel area.

4. Results and Discussion

This section reports the characteristics of distributed vibration responses under operating train
and simulated incursion conditions, respectively. Feasibility, based on the proposed comprehensive
approach concerning train tracking and detecting incursion, was investigated and is discussed. All the
following analyses were based on the original output of the distributed vibration responses with no
additional techniques adopted to improve the data quality.

4.1. Distributed Vibration Responses under Load of Passing Train

Figure 6a depicts a typical visualization relationship between the structural vibration intensity
and the space and time. Here, the vibration intensity was represented by color of the figure. A waterfall
diagram such as Figure 6a can be used to help analyze the train’s running direction, speed change
and arrival or departure interval. In the tunnel where the sensing optic fiber arrays were deployed,
the train entered the experimental area from #500 monitoring zone in Figure 6a. In this case, a moving
train appeared as a diagonal signal pattern where the slope depended on the speed. Here, the diagonal
signal pattern highlighted the characteristics of the distributed vibration response caused by the
passing train within the monitoring range. Three complete sets of such diagonal signal patterns can
be clearly seen in the left part of Figure 6a. Moreover, vibrations generated by moving trains in the
opposite direction in the adjacent tunnel were simultaneously detected by the sensing optic fiber,
although the vibration intensity was somewhat weak. Further, the process of the train stopping at the
station between the diagonal signal patterns can also be observed in the figure. For monitoring zones
#250–#500, the region range of the damping track bed structure, can be clearly identified based on the
height changes (along the time axis) of the diagonal signal pattern. Due to the large design distance
between the tunnel where the experimental areas #250–#500 were located and the adjacent tunnel,
the vibration transmitted from the adjacent tunnel becomes invisible in the right part of Figure 6a.

251



Sensors 2019, 19, 2666

  
(a) (b) 

Figure 6. (a) Vibration intensity versus space and time under operating train; (b) original time series of
vibrations of monitoring zone #160.

Figure 6b presents a complete vibration response of one monitoring zone in Figure 6a,
which quantifies the difference in vibration intensity of the sensing optic fiber caused by the train moving
in two adjacent tunnels. In addition, the time interval of the two adjacent trains was approximately four
minutes as observed in Figure 6, which was consistent with the planned subway operating timetable.
Moreover, compared with the report based on Φ-OTDR [18], the method using sensing optic fiber in
this paper did not require the multiple averaging technique to improve the SNR of the original time
series of vibrations, which was more efficient for providing location information of the detected object.
Therefore, the responses of any two different monitoring zones could be used to determine the train
speed. For instance, Figure 7a shows the intensity projections of the two measurement areas on the time
axis of Figure 6a, the cross-correlation analysis (see Figure 7b) of the vibration sequences (see Figure 7a)
of the two monitoring zones at 650 m apart indicated that the train took 37.51 s to pass through the two
selected zones. In this way, the train speed of 62 km/h can be obtained. Moreover, it was found that
the amplitudes of these two monitoring areas were different, although the sensing optic fiber and its
fixation method were consistent. The reason for this was primarily due to uneven geological properties
of the underground structure along the mileage direction of the tunnel and different design curvature
along the tunnel line, and the structural stiffness of the shield segments.

(a) (b) 

Figure 7. (a) Original time series of vibrations at zones #60 and #190; (b) time lag between zones #60
and #190.

In addition, the vibration response obtained by a particular monitoring area during the passage
of the train can reflect some geometric parameters of the train, such as its length and the number of
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compartments. The former, length, can be estimated by the calculated speed and the known height
changes of the diagonal signal pattern. The latter, number of compartments, can be revealed by the
number of peaks or valleys of the envelope signal. Figure 8 shows a typical vibration response of
a monitoring zone between #60 and #190 during train passage. The vibration response lasted for about
8.5 s, corresponding to the height change of the diagonal pattern shown in Figure 6a. Based on the
obtained average speed of 62 km/h, the calculated train length of 146 m was close to the actual known
142 m. Also, seven envelope peaks and valleys can be recognized in Figure 8 by envelope processing.
This envelope result agreed well with the axle impact of the six train compartments.

 

Figure 8. Original time series of vibration and corresponding envelopes during the passage of the train
through one monitoring zone.

4.2. Distributed Vibration Response under Footsteps of Intruder

Figures 9 and 10 show the results of the designed human intrusion in the time and frequency
domains, respectively. Moreover, the experimental results in the frequency domain for each of the
designed cases are depicted two-dimensionally (left) and three-dimensionally (right) in Figure 10.
Figure 9 reveals that significant distributed vibration responses generated by walking or jogging as
defined in Figure 5 can be detected within the incursion range under both sides of the track. In addition,
two diagonal signal patterns in the opposite direction further verified the simulated incursion process
represented by round-trip walking or jogging. Furthermore, based on the different slope pattern
caused by different speeds of the intruder, it was easy to distinguish the intrusion mode of jogging
shown in Figure 9c from the other three intrusion modes of walking. This result was consistent with
Figure 10 and was more pronounced in the frequency domain, where the intrusion caused by the
jogging shown in Figure 10c led to the maximum fluctuation of the vibration intensity.
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Figure 9. Vibration intensity versus space and time under different intrusion scenarios: (a) single
person walking; (b) four people walking; (c) single person jogging; (d) single person walking along the
other side.

To further quantify the different intrusion patterns reflected in Figure 9, the effective value
represented by the root-mean-square (RMS) of the vibration response signal for each monitoring zone
within the intrusion range in the whole test process was calculated and is shown in Figure 11.
Here, the effects caused by personnel in the round-trip process outside the incursion range
were not involved in the evaluation. As can be seen from the overall distribution of Figure 11,
in addition to the significant difference between jogging and walking intrusion, the dynamic
distributed vibration response can distinguish between single and multi-person walking intrusions.
Moreover, subtle differences of vibration distribution caused by a single pedestrian intrusion at different
distances from the sensing optic fiber can also be observed. Furthermore, Figure 12 quantifies the
results represented in Figure 10 by the overall distribution of primary frequency. Here, the frequency
value corresponding to the maximum energy of each column represented in Figure 10 was selected
as the primary frequency for each monitoring zone. Table 1 further provides the statistical results
for the four types of intrusion cases for Figure 12, where cases 1–4 represent a single person walking,
four people walking, single person jogging and single person walking along the other side, respectively.
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 10. Vibration intensity versus space and frequency under different intrusion scenarios: (a) single
person walking; (b) four people walking; (c) single person jogging; (d) single person walking along the
other side.
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Figure 11. Fitting distribution of effective values of vibration response of incursion range under
different simulated intrusion cases.

Figure 12. Fitting distribution of primary frequencies of vibration response of incursion range under
different simulated intrusion cases.

Table 1. Primary frequency characteristics of the different intrusion cases within the experimental area
(unit: Hz).

Comparisons Case 1 Case 2 Case 3 Case 4

Maximum 13.18 16.11 17.09 12.21
Mode 1 10.74 11.23 11.23 10.25

1 The most frequent primary frequency in the monitoring zones of the incursion range.

Since the dynamic characteristics of the structure within the incursion range and the forced
vibration mode related to intrusion load frequency and type were different, it can be seen from
Figure 12 that the primary frequencies excited by the simulated intrusion were different in the incursion
range. However, the similarity of the distribution features in the different intrusion cases shown in
Figure 12 can still be observed. That is, the distribution patterns of cases 1 and 4 were closer due to
single pedestrian intrusion, while cases 2 and 3 exhibited more broad frequency information under
stronger and more complex excitations. The calculated result of the mode values of primary frequency
under each case shown in Table 1 further verified this opinion. In addition to the distribution feature,
different maximum primary frequencies shown in Table 1, and varied fluctuation strength in Figure 12,
also contributed to distinguishing different simulated human intrusions based on the frequency domain
results of dynamic distributed sensing of ultra-weak FBG.

5. Conclusions

This study reported an integrated monitoring technology used for ensuring the safety of subway
operation, which verified that dynamic distributed measurement based on ultra-weak FBG was
a feasible method, suitable for both train tracking and human intrusion detection in an actual
engineering application. The analysis based on subway operation monitoring illustrated that the
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location, speed, length, and number of train compartments could be determined through the vibration
responses and distribution on the track bed. Moreover, the results of the simulated human intrusion
performed in the damping track bed area during the subway outage period demonstrated that the
sensing optic fiber had the potential to distinguish the strength and pattern of intruders. In view
of the available test time and experimental range, the simulated cases of human intrusion were
relatively limited and the detection effectiveness in the common track bed was not taken into
account; this seems to be less than complete and deserves further attention when conditions permit.
However, the advantages determined by the high SNR of ultra-weak FBG, when compared to other
distributed sensing technologies based on common optic fiber, make us believe that the proposed
method is promising for recovering and identifying signals in more complex modes.
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Abstract: In industrial production processes, rotational speed is a key parameter for equipment
condition monitoring and fault diagnosis. To achieve rotational speed measurement of rotational
equipment under a condition of high temperature and heavy dust, this article proposes a digital
approach using an electrostatic sensor. The proposed method utilizes a strip of a predetermined
material stuck on the rotational shaft which will accumulate a charge because of the relative motion
with the air. Then an electrostatic sensor mounted near the strip is employed to obtain the fluctuating
signal related to the rotation of the charged strip. Via a signal conversion circuit, a square wave, the
frequency of which equals that of the rotation shaft can be obtained. Having the square wave, the M/T
method and T method are adopted to work out the rotational speed. Experiments were conducted
on a laboratory-scale test rig to compare the proposed method with the auto-correlation method.
The largest relative errors of the auto-correlation method with the sampling rate of 2 ksps, 5 ksps
are 3.2% and 1.3%, respectively. The relative errors using digital approaches are both within ±4‰.
The linearity of the digital approach combined with the M/T method or T method is also superior to
that of the auto-correlation method. The performance of the standard deviations and response speed
was also compared and analyzed to show the priority of the digital approach.

Keywords: electrostatic sensor; digital approach; rotational speed; correlation algorithm

1. Introduction

In industrial applications, rotational speed measurement is a crucial part for condition monitoring,
speed control, and protective supervision of rotation equipment, such as generators, steam turbines, and
gas turbines. Various kinds of tachometers based on different mechanisms, such as optical, electrical,
and magnetic induction, have been developed and widely used to measure the rotational speed of
target objects. W.H. Yeh presented a high-resolution optical shaft encoder to monitor the rotation
behavior of a motor [1] and J. N. Lygouras presented a solution for processing the pulses from an optical
encoder attached to a motor shaft [2]. W. Lord and R.B. Chatto provided a homopolar tachogenerator
with low inertia and noise generation, making it particularly suitable for velocity-control systems
using high-performance DC motors as the power actuators [3]. C. Giebeler designed a contactless
sensor based on the giant magneto-resistance (GMR) effect for position detection and speed sensing [4].
Z. Shi implemented a tachometer using a magnetoelectric composite as a magnetic field sensor which
was mounted where the magnetoelectric composites had the highest sensitivity [5]. Considering the
operating mode, the rotational speed measurement method can be classified into digital and analog
categories. In the analog tachometer output a voltage or current signal proportional to the speed can
be used to provide a feedback signal in a closed-loop speed control system [6]. Digital tachometers
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have been used over the years, which utilize electronic circuits to measure an average frequency of
incoming pulses from an encoder mounted on a shaft [7].

In order to overcome the hash condition, such as a high temperature, heavy dust environment,
the electrostatic method has been used to realize the rotational speed measurement. The electrostatic
sensor is adaptable for the speed measurement in various industrial conditions for the advantages of
contactless measurement, low cost, simple structure, and easy installation and maintenance. Recently,
Y. Yan and L.J. Wang utilized electrostatic sensors and a correlation algorithm to calculate the period or
elapsed time and successfully obtained the rotational speed of a rotational shaft [8,9]. The electrostatic
method to measure rotational speed utilizes the electrode to induce the electric field generated by
carried charges on the shaft. When two materials are touched or rubbed together electrical charge is
usually transferred from one to the other [10]. According to the theory of tribo-electric charging, each
material has its own surface work function. Then the surface electron transfer will occur in the driven
Fermi energy level [11]. The material type determines the work function, which indicates the capability
of a material to hold onto its free electrons. Thus, the polarity and quantity of the charge generated
due to the triboelectric friction are mainly decided by the material type and surface roughness, and are
also affected by its surrounding environment, like temperature and humidity. Thus, if the shaft has a
greater work function than the air, the relative motion between the rotational shaft and the air will
generate some charge on the surface of shaft due to triboelectric friction. If one of the materials is a
good insulator, the charge persists on its surface for a long time, and the effects of the charge transfer
are readily apparent [10].

The principle of rotational speed measurement using an electrostatic sensor is shown in Figure 1.
According to electrostatic induction theory, when the surface of the shaft carries some charge due to
triboelectric friction with the air, it will influence the electrostatic field of its surroundings, thus, the
induced charge will be generated on the surface of sensing electrode when it is installed near the shaft.
The fluctuation of the induced charge on the electrode generates a current which can be converted into
a voltage signal via a current-to-voltage conversion circuit. Additionally, a charge amplifier circuit
can be adopted to translate the charge into a voltage signal [12]. The voltage signal collected from the
electrode contains a wealth of rotational information, thus processing and analyzing the output signals
from the sensor will result in obtaining further information.

Figure 1. Measurement principle using the electrostatic method.

By now, electrostatic sensors in conjunction with correlation methods, including the
cross-correlation method using dual electrostatic sensors and the auto-correlation method using
a single electrostatic sensor, have been used to determine rotational speed [8,9,13]. Figure 2 describes
the rotational speed measurement system which uses electrostatic sensors and the correlation method.
Two or more channels of sensors and the corresponding condition units are connected to an A/D
converter. Then a microprocessor system or a computer is needed to execute the correlation algorithm.
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Figure 2. Principle of the rotational speed measurement using electrostatic sensors.

In the time domain, the definition of the cross-correlation function between real power signals x(t)
and y(t) is:

Rxy(τ) = lim
T→∞

1
T

∫ T/2

−T/2
x(t)y(t + τ)dt (1)

Figure 3 illustrates how to obtain the time-delay between two electrostatic signals using the
cross-correlation method. The rotational speed vc (revolutions per minute, rpm) can be calculated by
the sensor angle spacing θ (degree) and the transit time τ (s):

vc =
1
T
× 60 =

1
360
θ · τ

× 60 =
θ
6τ

(2)

Figure 3. Illustration of the cross-correlation method.

If x(t) and y(t) are the same signals obtained by one electrode, Equation (1) turns out to be
the auto-correlation function. With respect to the auto-correlation method, only one channel of the
electrostatic signal is needed. The time-delay τ between signal x(t) and signal y(t) is the rotational
period T(s) and θ equals 360 degree. Using the auto-correlation algorithm can extract the time of
rotation period. After that, the rotational speed va (rpm) can be obtained as follows:

va =
60
T

(3)

Obviously, the correlation method needs to locate the coordinate of the first dominant peak in the
waveform of the correlation function, which is influenced by the sampling rate to a great extent. At the
same time, the waveforms collected by inducing the signal from a cylinder dielectric sleeve contain
complex information and a faint sign of the periodical component. Although the correlation calculation
of the waveform has good performance and successfully extracts the elapsed time, the computational
accuracy of the correlation method is obviously affected by the sampling rate and signal noise [14].

For the sake of improving the performance of rotational speed measurement via the electrostatic
method, this paper proposes an approach to generate a square wave from an electrostatic sensor
in order to obtain the rotational speed via digital methods, thus eliminating the influence of the
sampling rate and signal noise, and also simplifying the system complexity. In the following article,
“square wave” refers to the output waveform from the comparison circuit which generates a pulse
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every rotational period. Implementation of a rotational speed measurement system based on this
method is presented. Compared to the rotational speed measurement method using an electrostatic
sensor in conjunction with correlation, this designation leaves out the AD converter and simplifies the
computation code which is more adaptive for the implementation in a microprocessor system.

2. Measurement Principle and Finite Element Simulation

2.1. Measurement Principle

Inspired by the photoelectric method which fixes a strip of a reflection element, this experiment
uses a strip of polytetrafluoroethylene (PTFE) stuck to the rotational shaft. The measurement principle
is shown in Figure 4. Adopting this designation, the charge generated on the PTFE by the relative
rotation with the air will pass the sensor once a revolution, which makes the waveform have a strong
sign of periodicity. The electrostatic signal is firstly transformed into a voltage signal. Then, after
amplifying, filtering, and comparison, the analog signal will be transformed into a square wave, which
is convenient to be connected to a DSP or FPGA system to execute the following rotational speed
calculation algorithm.

Figure 4. Measurement principle.

2.2. Rotation Speed Computation Algorithm

Usually, three methods are adopted to evaluate the speed based on these square waves:
(1) Measuring the elapsed time, commonly termed as the T method, which calculates the reciprocal of
the duration between consecutive pulses to obtain the frequency; (2) pulse counting, commonly termed
as the M method, which counts the number of pulses generated within a prescribed period of time; and
(3) constant elapsed time, commonly termed as the M/T method, is a combination of pulse counting
and measuring elapsed time [15–17]. The principles of the three methods are shown in Figure 5.

Figure 5. Principles of T, M, and M/T methods.

As seen from Figure 5, the detecting time of the T method and M method can be obtained according
the Equations (4) and (5), correspondingly, where m1 is the number of clock pulse counting during one
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period of square wave, m2 is the number of pulse counting during the prescribed time, and fs is the
frequency of clock pulse used for counting and timing:

Td1 =
m1

fs
(4)

Td2 =
m2

fs
(5)

Then the rotational speed v1 (rpm) of the T method can be calculated according to Equation (6).
The rotational speed v2 (rpm) of the M method can be calculated according to Equation (7), where N2

is the integer number of square wave during the prescribed time:

v1 =
60 f s
m1

(6)

v2 =
60 f sN2

m2
(7)

Different from the M method, which ceases the pulse counting once the prescribed time runs out,
the M/T category goes on counting after the prescribed time and stops at the first pulse of rotation
after the prescribed time. Thus, the detecting time of the M/T method Td3 (s) equals Td2 (s) plus Δt.
Parameter N3 is the number of square waves during the detecting time. Parameter m3 is the number of
clock pulses during the detecting time. The detecting time Td3 (s) can also be obtained using parameter
m2 and the frequency of clock pulse fs used for timing, as shown in Equation (8). Thus, the rotational
speed of the M/T method is calculated by Equation (9):

Td3 =
m3

fs
(8)

v3 =
60 fsN3

m3
(9)

The calculation errors of the three method can be derived according to Equations (10)–(12).
Parameters m0

1, m0
2, and m0

3 are the ideal pulse numbers needed to perfectly overlap the detecting time.
Parameter N0

2 equals the detecting time divided by the rotation period, which is not an integer in
most cases.

e1 = (
60 fs
m1
− 60 fs

m0
1

)/
60 fs
m0

1

=
m0

1 −m1

m1
(10)

e2 = (
60 f sN2

m2
− 60 f sN0

2

m0
2

)/
60 f sN0

2

m0
2

=
m0

2N2/N0
2 −m2

m2
(11)

e3 = (
60 fsN3

m3
− 60 fsN0

3

m0
3

)/
60 fsN0

3

m0
3

=
m0

3 −m3

m3
(12)

As seen from Equation (10), it can be observed that the error of the T method is low at a high speed
(m1 decreases) and the M method resolution is not high at a low speed (N2 is not stable). However,
considering the frequency of the clock pulse used for timing in this article is 150 MHz, which is
significantly greater than the frequency of rotation, the counting errors of the T method and M/T
method are extremely small compared to their denominators. The T method and M/T method have
absolutely accurate counting numbers of the square wave from circuits 1 and N3, correspondingly.
The calculating errors of the T method and M/T method mainly result from the counting number of the
pulse clock (m0

1 −m1, m0
3 −m3). By contrast, regarding the M method, the difference between square

counting N2 and N0
2 may result in an obvious error.
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The response speed can also be determined from the principle. Among them, the T method has
the fastest response speed, which enables outputting a result every period. The M/T method and M
method generate a result based on the statistical average principle, which gives them a relatively slow
response speed. In summary, the T method is more adaptive for the dynamic measurement of variable
rotational speed and the M/T method or M method is more adaptive for constant speed measurement or
mean values of a certain time. Considering the response time and accuracy simultaneously, this article
utilizes the M/T method and the T method to deal with the square wave from the measurement circuits.

2.3. Finite Element Simulation

A simulation using a strip object with evenly distributed charge was conducted utilizing COMSOL
software (the COMSOL Group in Stockholm, Sweden) to imitate how the rotationally charged strip
influences the induced charge on the electrostatic sensor. The model is shown in Figure 6 and the
simplified two-dimensional schematic of the simulation is illustrated in Figure 7. The strip object is
a 7.64 degree arc with a radius of 15 mm, which is placed tightly to the surface of the metal shaft.
The length of the strip is 20 mm. The radii of metal shaft and outer shielding are 15 mm and 30 mm,
correspondingly. The charge is evenly distributed on the surface of the object using the Surface Charge
Density setting in COMSOL. The surface charge density is set to be 0.025 C/m2, so the total amount of
charge on the strip is 1 μC. An electrode 20 mm long and 2 mm wide is placed 17 mm away from the
central axis with the same z coordinate of strip. In the simulation, the strip rotates around the central
axis by controlling the angle with respect to the positive axis x, beginning at −180 degree and stopping
at 180 degree with a step size of one degree. The electrostatic field can be described by the Poisson
equation and its corresponding boundary conditions:{ −∇ · (ε0εr∇ϕ) = ρ

VE = 0, VB = 0
(13)

where VE is the potential of electrode, VB is the potential of the shielding, and ρ is the space
charge density.

 
(a) (b) 

Figure 6. (a) Structure of the model, and (b) a mesh of the simulation model.
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Figure 7. Simplified schematic.

Figure 8a depicts the induced charge on the electrode when the rotation of the strip begins
farthest from the electrode, then passes by the electrode, and finally returns to the beginning position.
The amount of induced charge on the electrode reflects the ‘far-near-far’ rotational process. The variation
of charges on the electrode generates current i, which can be calculated by:

i =
dqe

dt
(14)

where qe represents the amount of induced charge on the electrode. By calculating the difference of
the induced charges, the current can be obtained and is shown in Figure 8c. When the strip is far
from the electrode, the current is very weak and can be regarded as 0. When the strip rotates adjacent
to the electrode, the current becomes larger. As seen from Figure 8c, the derivation of the induced
charge contains thorns and wobbles. This can be explained due to the discretization and unavoidable
computation error of the finite element simulation, the curve of induced charge is not smooth enough
(shown in Figure 8b), thus leading to the thorns of the derivative curve. To acquire a more optimal
result a moving average is applied to smooth the data and the result is shown in Figure 8d.

Figure 8. (a) Simulation result of induced charges; and (b) partial drawn of the induced charge.
(c) Derivation of the induced charge; and (d) smoothed curve of the current.
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Then, we use the rotation of the electrode to replace the rotation of shaft, so that the shaft is
relatively at rest, as shown in Figure 9. According to the superposition principle of the electric field,
the amount of induced charge Q on the electrode with a displacement of angle α can be calculated by
Equation (15). Function q(θ) is the amount of charges on the location of angle θ. Parameter α indicates
the rotated angle and is also a reflection of time. Function f (θ−α) means when a unit charge is θ−α
degrees away from the electrode, the amount of induced charge on the electrode generated by this unit
charge is f (θ−α). Thus, the total amount of induced charge can be calculated by integrating over θ
from −180◦ to 180◦.

Figure 9. Schematic of electrode rotation.

Q(α) =

∫ 180◦

−180◦
q(θ) f (θ− α)dθ (15)

Q(α) =

∫ +∞

−∞
qcircle(θ) fr(θ− α)dθ (16)

As shown in Figure 10, Equation (15) illustrated by Figure 10a with an integral range of [−180◦ 180◦]
can be transformed into Equation (16) illustrated by Figure 10b. In Figure 10b, the values of fr(θ)
when θ is out of range [−180, 180] are zeros and the waveform of function fr(θ) is the same as in
Figure 8a, which is only different in amplitude. The induced charge on the electrode can be regarded as
a weighted mean value of the contribution of the charge in a sensitive area. Meanwhile, Equation (16)
is a convolution operation between the charge distribution function qcircle(θ) and the function fr(θ), thus
fr(θ) can be regarded as a filter function. The low pass filter property can also be obtained from [18].
Obviously, function fr(θ) is influenced by the rotational speed (fr(θ0 + wt)). The cutoff frequency of
fr(θ) increases with the speed (narrow in the time domain, broad in the frequency domain). Through
the analysis, the electrostatic electrode in this case of application can be regarded as a low pass filter
which adaptively adjusts its cut-off frequency. Thus, the waveform of the signal mainly contains a low
frequency component if the electro-magnetic interference is well shielded, which helps to explain the
signal obtained in the experimental part.

Figure 10. Explanation of Equations (15) (a), and Equations (16) (b).
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3. Hardware Design

3.1. Sensor Board

The sensor board shown in Figure 11 contains an electrode and a current-to-current to voltage
conversion circuit. A surface-tinned copper strip 20 mm long and 2 mm wide is utilized as the electrode.
The electrode is connected to the current voltage conversion circuit, which is built on an LMP7721
(Texas Instruments in Dallas, TX, USA) amplifier with an extremely low bias current of 20 fA maximum.
Figure 12 illustrates the schematic of the circuit. The feedback resistor consists of two 108 Ω resistors
connected in series, which determines the transimpedance gain. In actual application, a feedback
capacitor is needed to guarantee the stability of the circuit by inhibiting the high frequency noise.

 

Figure 11. Sensor board.

Figure 12. Schematic of current-to-voltage circuit.

The relationship between the output voltage and the input current from the electrode can be
calculated according to Equation (17). Thus, the sensitivity of the circuit is 0.2 V/nA. The purpose of
the balance resistor and capacitor is to make the impedance of the two inputs equal, thus, the bias
current of the amplifier generates no additional offset voltage on the output.

Uo = R f ie (17)

When the electric field near the electrode varies with the rotation of the charged strip, a small
current signal will be generated and transformed into a voltage signal via the feedback resistance on
the amplifier. The voltage output of the sensor board is collected by the condition unit via a shielded
cable to avoid electromagnetic interference in the space.

3.2. Signal Condition Unit

The condition unit in our experiment is shown in Figure 13, which has amplifying, filtering, and
comparing circuits designed to generate a square wave. Four connecters are placed on the board.
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Connecter 1 is used to connect to the output of the sensor board. Connecters 2 and 3 are used to observe
the result of amplifying and filtering correspondingly. The square waveform from the comparing
circuit is transmitted to a DSP chip via connecter 4 or the pin headers nearby.

The amplifying circuit uses the same amplifier chip with the sensor board to meet the performance
requirements. The voltage gain of the amplifier can be adjusted by a slide rheostat. Then a third-order
Butterworth low pass filter with Sallen-Key topology is used for filtering and inhibiting the noise.
The passband frequency is 400 Hz and the stopband frequency is 2.4 kHz. A smooth waveform
improves the stability of the square wave. Finally, a hysteresis comparator is utilized to transform the
waveform into a square wave which is connected to the DSP board for speed calculation.

Figure 13. Signal condition unit.

4. Experiment Results and Discussion

4.1. Experiment Conditions

A laboratory-scale test rig is designed and built for rotational speed measurement. Figure 14
shows the schematic of the test rig. An external power supply connects to a variable-frequency drive
(VFD) via a power switch. The torque of the motor is translated to the shaft via a belt. Thus, the
rotational speed of the shaft can be adjusted by the VFD. The shaft is made of steel and supported by
two roller bearings with a belt pulley mounted on its side. The middle part of the shaft is surrounded
by a grounded cylindrical metal shielding. As shown in Figure 15, a strip of PTFE about 2 mm wide
and 20 mm long, the lengthwise direction of which is parallel to the axial direction of shaft, is glued
tightly on the shaft. The sensor board is set on the inner wall of metal shielding via a copper pillar,
thus the electrode is under the central axis of the shaft and the trajectory of the strip. The copper pillar
is utilized to adjust the distance between the sensor and the shaft. In order to inhibit the vibration of
the rig, the steel table was screwed to the ground via an expansion screw.

Figure 14. Schematic and photograph of the test rig.
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Figure 15. Photograph of the sensor and strip.

Experiments were conducted on the rig using the same dimension parameters as the simulation.
The rotational speed of shaft was adjusted from 300 rpm to 3200 rpm with an increment of 100 rpm via
the VFD. To make a comparison between the digital approach and the correlation method, each point
was measured five times. Meanwhile, five values of the T method and M/T method transformed from
the DSP for each point were saved for analysis. A photoelectric reflection digital tachometer with an
accuracy of ±0.05% of the reading plus 1 rpm was used to provide a reference speed in our experiment.
The ambient temperature was controlled between 20 ◦C and 24 ◦C and the relative humidity was
kept between 55% and 65%. The square wave was connected to the external interrupt pin to contend
with the square wave immediately. The code of realizing the T method and the M/T method were
programed and written into the DSP board separately to test the measurement performance. The DSP
transmitted the measurement results of the T method and the M/T method to computer via RS232
serial communication. In the experiment, the prescribed time of the M/T method is set to be 1 s.

Seen from the principle of the correlation method, it can be found that the auto-correlation method
can be regarded as a particular case of the cross-correlation method, which leaves out the influence of
the installation angle error, the distance differences of the two electrodes to the shaft, and the differences
between two channels’ circuits. These factors make the accuracy of cross-correlation method not as
good as the auto-correlation method. Meanwhile, the cross-correlation method needs two channels of
circuits, which is not consistent with the setting in this experiment. Thus, the experiment only makes a
comparison between digital approaches and the auto-correlation method.

4.2. Signals

The proposed approach utilizes the electrostatic sensor to induce the charge on the strip of
PTFE, which obtains a strong periodic signal. Figure 16 shows the signals before and after filtering,
which contain evenly distributed waveforms similar to the simulation result (Figure 8d). The filtered
waveform obviously has a higher signal-to-noise ratio. The high signal-to-noise ratio and the strong
periodicity helps to improve the stability of the square wave transformed from the signal, which is very
important for the rotational speed calculation based on the square wave. Figure 17 shows the square
waveform generated by the hysteresis comparator. In order to illustrate the wave clearly, Figure 17
only shows 0.5 s of the signal.
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Figure 16. Input (a) and output (b) of the filtering circuit.

 
Figure 17. Analog input and digital output of the comparator circuit.

4.3. Accuracy

The mean values of the measurement results for the T method and the M/T method are plotted
in Figure 18. Their relative errors are compared with the photoelectric reflection digital tachometer
and are listed in Table 1. The linearity of the T method and M/T method are about 0.81‰ and
1.31‰, correspondingly. The measurement results are highly consistent with those of the photoelectric
tachometer. Meanwhile, the differences between the T method and the M/T method are hardly
discernible by eye.

As seen from the principle, the proposed digital method needs no sampling via an analog-digital
converter, while the sampling rate is an important factor that determines the accuracy of the method
based on the correlation algorithm. In order to make a comparison between these two methods,
the analog signals are also collected at different sampling rates. The auto-correlation functions are
calculated using the filtered analog signal. Figure 19 shows the auto-correlation of an example collected
at the rotational speed of 400 rpm using a sampling rate of 2 ksps.
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Figure 18. Measurement speed.

Table 1. The relative errors of the measurement points.

Reference Speed (rpm)
Measured Speed (rpm) Relative Error (‰)

M/T T M/T T

300 300.50 300.11 1.67 0.36
400 399.97 400.45 −0.08 1.12
500 501.04 501.87 2.08 3.74
600 600.63 601.08 1.05 1.80
700 701.09 701.39 1.56 1.98
800 799.12 799.26 −1.10 −0.92
900 900.10 899.38 0.11 −0.69

1000 1000.02 1001.35 0.02 1.35
1100 1099.65 1100.79 −0.32 0.72
1200 1200.06 1199.55 0.05 −0.38
1300 1300.30 1301.22 0.23 0.94
1400 1400.83 1401.27 0.59 0.91
1500 1501.81 1501.34 1.21 0.89
1600 1601.33 1601.60 0.83 0.99
1700 1700.71 1699.35 0.42 −0.38
1800 1799.75 1802.47 −0.14 1.37
1900 1900.12 1899.11 0.06 −0.47
2000 2000.34 2001.50 0.17 0.75
2100 2100.87 2101.57 0.41 0.75
2200 2201.38 2202.34 0.63 1.06
2300 2298.58 2300.50 −0.62 0.21
2400 2400.52 2404.21 0.22 1.75
2500 2497.95 2503.25 −0.82 1.30
2600 2600.32 2599.51 0.12 0.19
2700 2701.59 2698.14 0.59 −0.69
2800 2802.13 2802.10 0.76 0.75
2900 2899.71 2901.81 −0.10 0.62
3000 3000.15 3001.87 0.05 0.62
3100 3100.52 3098.77 0.17 −0.40
3200 3202.58 3202.23 0.81 0.70
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Figure 19. (a) Signal collected at the rotational speed of 400 rpm. (b) Auto-correlation of the signal.

The waveform in Figure 20 is a partial drawing of the part in Figure 19b. As shown in Figure 20, by
detecting the first peak after 0 s, the period T of the rotation can be obtained. It can be observed that the
waveform near the first peak after 0 s is very smooth, which benefits confirming the accurate and stable
value of the period. However, due to the discretization of the data series, the obtained period T will be
a time length away from the actual time of the rotation period with a significant probability despite the
auto-correlation method confirming the nearest time point to the ideal time point. Moreover, when
the signal contains an obvious level of noise or a weak periodicity, the waveform near the peak of the
auto-correlation function will be fluctuant, which impairs the result’s accuracy.

 

Figure 20. Partial enlarged drawing of Figure 17b.

In order to show the accuracy of this digital method, signals are collected at the sampling rate
of 2 ksps and 5 ksps and analyzed using the auto-correlation method. Relative errors of the two
methods are plotted and compared in Figure 21. Figure 21 shows the measurement errors of the digital
approaches and the auto-correlation method at the sampling rate of 2 ksps and 5 ksps. It can be seen
from Figure 21 that the digital approaches have better accuracy and the relative errors obtained using
5 ksps are smaller than those sampled at 2 ksps. The auto-correlation method is apparently influenced
by the sampling rate. Meanwhile, the accuracy of auto-correlation method has the tendency to increase
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with the rotational speed, which has been explained in 14. The linearity of the auto-correlation method
sampled at 2 ksps and 5 ksps are 3.17% and 1.33%, respectively, which are significantly greater than
those of the M/T method and the T method.

Figure 21. The absolute value of the relative error.

4.4. Standard Deviation

In order to research the robustness of the proposed method, the standard deviations of each
measurement point are listed in Table 2. As seen from the table, regarding digital approaches, the
M/T and T methods both have significantly small standard deviations. The standard deviations of
the auto-correlation method in Table 2 contains a number of zeros and some other values, which
can be easily understood from the principle. For example, using 5 ksps (Δt is 0.2 ms) to collect the
signal of 1400 rpm, the period of which is about 214 times that of Δt, the calculated rotational speed
by finding the first peak of the auto-correlation function will be some discrete value calculated by
60/[(214 ± n)Δt] (n = 0, 1, 2, . . . ), like 1395.35, 1401.87, or 1408.45. There are two factors affecting the
standard deviations of the auto-correlation method: (1) If the variation of rotation speed is not obvious
enough to change the location of the first peak on the auto-correlation function, the measurement
results will remain unchanged; and (2) if the locations of the first peak in the auto-correlation function
differs one or two sampling intervals from each other due to signal differences, the obtained rotational
speeds will show obvious fluctuations.

The standard deviations of the M/T and T methods in Table 2 are all within 1 rpm. Meanwhile,
the standard deviations of the M/T method are much smaller than those of the T method. As seen
from the principle, the M/T method can be regarded as a mean value of several consecutive T methods.
Due to the high response speed of the T method, it is more sensitive to the variation of rotation, which
makes its standard deviations greater than those of the M/T method. The minor standard deviations of
the M/T and T methods mainly arise from the slight fluctuations of the actual rotation state, which is
probably related to the unsteady output rotational speed of the motor and the slippage of the belt on
the sheave. With respect to the digital approaches, no matter the M/T method or T method, both have
very little spread in the measured speed.
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Table 2. The standard deviations of the measurement points.

Reference Speed (rpm)
Standard Deviation (rpm)

M/T T 2k 5k

300 0.055 0.175 1.755 2.047
400 0.013 0.292 2.641 2.250
500 0.013 0.397 4.652 1.867
600 0.032 0.274 1.651 2.161
700 0.023 0.458 3.437 1.472
800 0.097 0.142 2.367 2.592
900 0.091 0.115 3.011 1.206

1000 0.068 0.378 0 2.790
1100 0.011 0.146 0 0
1200 0.044 0.190 0 0
1300 0.015 0.284 0 2.525
1400 0.051 0.038 0 0
1500 0.010 0.027 0 0
1600 0.013 0.265 0 4.674
1700 0.017 0.190 0 0
1800 0.019 0.467 0 2.542
1900 0.010 0.065 0 0
2000 0.027 0.284 0 0
2100 0.029 0.234 0 0
2200 0.051 0.006 18.069 0
2300 0.016 0.368 0 7.878
2400 0.051 0.281 0 0
2500 0.050 0.415 0 0
2600 0.048 0.155 0 0
2700 0.018 0.364 0 0
2800 0.069 0.082 0 0
2900 0.039 0.301 0 0
3000 0.052 0.131 0 0
3100 0.012 0.327 0 0
3200 0.094 0.345 46.747 0

4.5. Response Time

The response time of each approach can be determined from their principles and data process
procedures. Regarding the M/T method, the response time is decided by adding extra time
to the prescribed time. Regarding the analog method, usually the sampling length should be
predetermined. Thus, the time needed to acquire one measurement result is nearly confirmed. Even
if the auto-correlation method self-adaptively adjusts the sampling length according to the nearest
obtained rotational speed, the response speed is still not as fast as the T method for the reason that the
auto-correlation method needs at least two periods of rotation to achieve the correlation calculation.
Moreover, data collection and processing also consume a certain amount of time.

By contrast, the T method can output a result every rotational period for the reason that the
counter in the DSP can work independently from the code and the DSP only needs to perform an
easy computation of the counter number and serial communication. Experiments were conducted
to test the capability of the T method to measure the variable speed. The motor was adjusted by the
VFD output frequency to work at three stages: acceleration by increasing the frequency from 0 Hz to
20 Hz over 5 s, 4 s of constant speed, and deceleration by decreasing the frequency from 20 Hz to 0 Hz
over 3 s. Figure 22a shows the 256 acquired rotational speeds via the T method, which successfully
monitors the acceleration and deceleration processes. The rising and decline curves are not perfectly
straight lines because the acceleration of the shaft is not absolutely constant. It can be observed that at
a constant frequency, the measurement results are of good stability.
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Figure 22. (a) Measured rotational speed by the T method; and (b) waveform during acceleration process.

Figure 22b shows a part of the waveform during the acceleration stage. The acceleration
and deceleration process can be clearly observed through the interval variations of square waves.
The waveform near 0.5 s has not been transformed into a square wave because a limited electrostatic
charge is generated on the strip at low speed, thus making the signal unsuitable for the following
square wave generation circuit. With the increases of rotational speed, the amount of charge rises
and then becomes stable because of the dynamic balance reached between the natural discharge and
recharge. The signal amplitude changes as the unbalanced charge increases or decreases at a low
speed, which makes the comparison voltage appear at different positions relative to the waveform.
This phenomena limits the application of this method in measuring low variable speed.

5. Conclusions

The work in this paper dedicates to find a more effective approach to cooperate with electrostatic
sensors to improve the performance of rotational speed measurement. The proposed approach utilized
the electrostatic sensor to induce a charge on a strip PTFE, which obtained a strong periodical signal.
Simulation results also described the expected waveform when a strip of charges rotates near an
electrode. By adopting a suitable signal condition unit, a square wave, the frequency of which was
equal to that of the rotational speed, has been obtained. Having the square wave proportional to
rotational speed, the M/T method and T method were adopted to calculate the speed in a DSP system.
Experiments were conducted to compare the digital approaches with the auto-correlation method.
Through experimental analysis, several conclusions can be summarized as follows:

1. Accuracy: Compared with the auto-correlation method, the M/T method and T method both
have an obviously higher accuracy. The linearity of the M/T method and T method are about 0.81‰
and 1.31‰, correspondingly, which are much better than those of the auto-correlation method sampled
at 2 ksps (3.17%) or 5 ksps (1.33%). Due to the signal discretization, the auto-correlation method can
only obtain some discrete values. Improving the sampling rate, calculation quantity, and storage space,
the hardware cost will also increase correspondingly.

2. Robustness: The auto-correlation method has a stable performance in some measurement
points and also has some obvious standard deviations, which resulted from the signal discretization.
However, the M/T method and T method obtained particularly small standard deviations among all
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the measurement points, both within 1 rpm. The M/T method acquired more stable results than the T
method due to differences of their respective principles.

3. Response speed: The proposed approach combined with the T method has the fastest response
speed. The correlation method and M/T method have relatively slower response speeds. Experiments
also shows that the T method is capable of detecting the variable speed.

Indeed, having the square wave related to the rotational period, the M/T method can be adopted for
constant speed measurement or a mean value of rotational speed during a certain time and the T method
can be employed for dynamic measurement of variable rotational speed. In actual programming, the
M/T method and T method can be written into one piece of a DSP or FPGA simultaneously. An FPGA
is more recommended to deal with the square wave for its property of parallel processing and high
code execution efficiency.

There are several factors limit the application of this method working at a low speed. The amount
of charge on the strip is unstable and the response time is poor at low speed. Further studies can be
conducted to deal with these issues by adopting an electret material, adding adaptive numbers of
strips and electrodes, and improving circuit properties.
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Abstract: For a diesel engine, operating conditions have extreme importance in fault detection
and diagnosis. Limited to various special circumstances, the multi-factor operating conditions of
a diesel engine are difficult to measure, and the demand of automatic condition recognition based
on vibration signals is urgent. In this paper, multi-factor operating condition recognition using
a one-dimensional (1D) convolutional long short-term network (1D-CLSTM) is proposed. Firstly,
a deep neural network framework is proposed based on a 1D convolutional neural network (CNN)
and long short-Term network (LSTM). According to the characteristics of vibration signals of a diesel
engine, batch normalization is introduced to regulate the input of each convolutional layer by fixing
the mean value and variance. Subsequently, adaptive dropout is proposed to improve the model
sparsity and prevent overfitting in model training. Moreover, the vibration signals measured under
12 operating conditions were used to verify the performance of the trained 1D-CLSTM classifier.
Lastly, the vibration signals measured from another kind of diesel engine were applied to verify the
generalizability of the proposed approach. Experimental results show that the proposed method
is an effective approach for multi-factor operating condition recognition. In addition, the adaptive
dropout can achieve better training performance than the constant dropout ratio. Compared with
some state-of-the-art methods, the trained 1D-CLSTM classifier can predict new data with higher
generalization accuracy.

Keywords: diesel engine; condition recognition; CNN; LSTM; adaptive dropout

1. Introduction

A diesel engine is a kind of internal combustion engine that converts thermal energy into
mechanical energy. It plays an important role in the field of national defense, in the chemical industry,
in the marine industry, for nuclear power, and so on. Once a diesel engine fails, it not only causes
economic losses directly or indirectly in terms of the shutdown of equipment, but it may also threaten
the personal safety of users [1,2]. To enhance the availability of the diesel engine, it is imperative
to monitor the engine condition and detect early faults. However, the detection of faults and the
diagnosis of diesel engines [3] are not simple tasks due to the complex structure and fickle working
conditions. If the operating conditions are not considered in detection and diagnosis activities, it is
likely to lead to false alarms or missed detection [4,5]. With the information of operating conditions,
the engineering applicability of a fault detection and diagnosis method [6–8] can be improved to
avoid fatal performance degradation and huge economic losses at an early stage. Unfortunately,
most fault detection methods are carried out under stable operating condition to avoiding variable
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operating conditions. Therefore, condition recognition is an important and urgent task in practical
engineering applications.

In a diesel engine, the flywheel is attached to the crankshaft, and they rotate together. They
convert the reciprocating motion of the piston into the rotational motion of the crankshaft, which
outputs torque for the driving of the car and other power-driven mechanisms. Therefore, the operating
conditions of a diesel engine can be determined by two parameters: load and the rotation speed of the
crankshaft. The load is the output torque of the engine through the flywheel. However, the multi-factor
operating conditions of a diesel engine are difficult to measure in many situations, such as for the
power systems of vehicles, propulsion devices of ships, and other dynamic equipment. Therefore, the
demand for automatic recognition of multi-factor operating conditions is urgent.

During the operation of a diesel engine, the corresponding status information can be obtained by
using vibration analysis [9], oil analysis [10], thermal performance analysis [11], and visual inspection.
Vibration is an intrinsic mechanical phenomenon, and the vibration signals contain rich information
about the diesel engine’s status; thus, vibration monitoring is a powerful tool for condition recognition,
as well as fault detection and diagnosis. In this paper, we aim at recognizing the multi-factor operating
conditions of a diesel engine based on vibration signals.

Thanks to the development of computing calculation power and powerful signal processing
techniques, the recognition tasks based on vibration signals made great progress. At present, some
recognition algorithms based on vibration signals exist, and most of them focus on designing various
handcrafted features, fusing multiple features and training different classifiers. In Reference [12],
the Hilbert spectrum entropy, which combines the Hilbert spectrum and information entropy, was
proposed for the pattern recognition of diesel engine working conditions. In Reference [13], the
frequency domain features of vibration signals were extracted for back propagation (BP) and radial
basis function (RBF) neural network training to recognize the cylinder pressure. In Reference [14], based
on the cylinder head vibration signals measured under stable operating conditions, an engine cylinder
pressure identification method using a genetic algorithm with BP neural network was proposed.
In Reference [15], combustion evaluation parameters were extracted using time–frequency coherence
analysis and the cylinder pressure could be estimated based on the parameters and an RBF neural
network. In Reference [16], the measured signal was converted into a crank angle degree signal using
the rotational speed monitored by magnetic pickup sensors. Then, a real-time engine load classification
algorithm was proposed based on an artificial neural network.

Most pattern recognition studies focused mainly on single-factor conditions or recognition under
stable operating conditions. For single-factor conditions, the number of categories is generally no
greater than five. In practical engineering applications, a single factor cannot describe complex
operating conditions, and this drawback results in ambiguous boundaries among different operating
conditions. As for multi-factor operating conditions, as the number of operating conditions increases,
so does the complexity of condition recognition. Simultaneously, as the vibration signals are random,
transient, and cyclostationary, and as the corresponding feature extraction requires rich domain
knowledge, it is difficult to extract sensitive characteristics of significant importance for multi-factor
operating condition recognition.

Over the last few years, with the development of deep learning, many researchers exploited deep
neural networks (DNNs) as the feature extractor and classifier [17,18]. Benefiting from the powerful
feature extraction ability of neural network, especially convolution neural networks (CNNs) [19], these
approaches and their variations exhibit good performance in the related tasks. In Reference [20],
time domain and frequency domain feature representations were selected to form a vector to act as
the input parameters of a CNN. The trained CNN classifier could diagnose the fault patterns of a
gearbox with outstanding performance. In Reference [21], the vibration signals of rolling bearings
were analyzed using continuous wavelet transform to get time–frequency representations in grayscale.
Then, all compressed time–frequency representations were taken as the input for CNN training, and
the trained CNN classifier could identify the faults of rolling bearings with strong generalization
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ability. In Reference [22], a deep convolutional neural network of up to 38 layers, which could provide
high classification accuracy, was proposed for gas classification. For CNN applications with vibration
signals, there are different approaches to network input. In other words, the CNN is taken as a classifier,
and the input of the CNN is mainly based on other feature extraction methods. At the same time,
state-of-the-art CNN models have several parameters, which leads to problems related to storage,
computation, and energy cost. In addition, recurrent neural networks (RNNs) and long short-term
networks (LSTMs) [23,24] were validated in terms of their performance on one-dimensional (1D) signals.
In Reference [25], a CNN and a fully connected neural network were both incorporated into a deep
neural network framework to improve LSTM. The framework outperformed the original LSTM for
the early diagnosis and prediction of sepsis shock. In Reference [26], an end-to-end model combining
a CNN and RNN was proposed for the automatic detection of atrial fibrillation. Compared to the
state-of-the-art models evaluated on standard benchmark electrocardiogram datasets, the proposed
model produced better performance in detecting atrial fibrillation. The ideas in References [25,26] are
very good references for multi-factor operating condition recognition based on vibration signals.

Therefore, a multi-factor operating condition recognition algorithm is proposed herein based on a
1D CNN and LSTM. In the proposed neural network framework, the 1D CNN was designed to extract
local features of vibration signals through 1D convolution, and the LSTM was designed to describe
the temporal relationship between local features. The contributions of this paper are summarized
as follows:

1. A multi-factor operating condition recognition method is proposed using a 1D convolutional
long short-term network (1D-CLSTM). As far as we know, this is the first study to combine a 1D
CNN and LSTM to recognize operating conditions based on a time series of vibration signals;

2. Considering the particularity of engine vibration signals, batch normalization (BN) is introduced
to regulate the input of some layers by fixing the mean value and variance of input signals in
each convolutional layer;

3. Adaptive dropout is proposed for improving the model sparsity and preventing overfitting;
4. The designed 1D convolutional long short-term network (1D-CLSTM) classifier can achieve high

generalization accuracy for recognizing multi-factor operating conditions.

The rest of this paper is organized as follows: Section 2 presents the test bench of a diesel engine
and the experimental data acquisition. Section 3 introduces the technical background for the 1D CNN
and LSTM. Section 4 describes the designed 1D-CLSTM and the flowchart of the multi-factor operating
condition recognition algorithm. Section 5 shows the training performance of the designed 1D-CLSTM
classifier, with generalizability verification, a performance comparison with different methods, and
a training performance comparison with different dropout ratios. Finally, conclusions and future
prospects are presented in Section 6.

2. Experiment and Vibration Signal

2.1. Test Bench of Diesel Engine

For data acquisition, a four-stroke diesel engine numbered TBD234 (produced by Henan Diesel
Engine Industry Co. Ltd., Luoyang, China) was used and tested in different operating conditions.
The parameters of the diesel engine are shown in Table 1.

As shown in Figure 1, 12 acceleration sensors were arranged on the surface of corresponding
cylinder heads to monitor the status information of the diesel engine in the running state. The vibration
signals formed the basis for the multi-factor operating condition recognition of the diesel engine.
Moreover, an eddy current sensor was arranged on the flywheel to collect the information of rotating
speed. In addition, a hydraulic dynamometer was connected with the output end of the diesel engine
to adjust the load.
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Table 1. Parameters of TBD234 diesel engine.

Item Parameter

Number of cylinders 12
Shape V-shaped 60◦

Firing sequence B1-A1-B5-A5-B3-A3-B6-A6-B2-A2-B4-A4
Rating speed 2100 rev/min
Rating power 485 kW

Figure 1. Test bench of the diesel engine.

All signals were measured using an online condition monitoring system (OCMS) at a sampling
frequency of 51.2 kHz per channel in all tests, and the results were saved to a server through Ethernet
transmission. The structure diagram of the OCMS of the diesel engine is shown in Figure 2.

Figure 2. Structure diagram of the online condition monitoring system (OCMS) of the diesel engine.

2.2. Experimental Data Acquisition

To extract vibration data under different operating conditions, the engine was run at different
levels of operating conditions. The representative operating conditions are listed in Table 2.
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Table 2. Operating conditions of the diesel engine.

No. Rev (rpm) Load (N·m) No. Rev (rpm) Load (N·m)

1 1500 700 7 1800 1600
2 1500 1000 8 2100 700
3 1500 1300 9 2100 1000
4 1800 700 10 2100 1300
5 1800 1000 11 2100 1600
6 1800 1300 12 2100 2200

Through the OCMS, vibration signals of different operating conditions could be measured.
The vibration signals of 12 different operating conditions are shown in Figure 3.

Figure 3. Vibration signals of 12 different operating conditions.

The signals in Figure 3 represent two complete periodic vibration signals, with a certain cyclic
fluctuation in the angular domain. When fire combustion and closing of the intake valve and exhaust
valve occur, an obvious excitation response is produced in the corresponding phase. Due to the
different ignition phase points of different cylinders, the corresponding combustion excitation occurs
at different positions. As the amplitude of the vibration signal features large randomness, the vibration
signal of a diesel engine can be considered a non-periodic and non-stationary signal. This characteristic
of the vibration signal greatly increases the difficulty of multi-factor operating condition recognition.

3. Technical Background

In this study, a deep neural network framework is proposed based on a 1D CNN and LSTM for
multi-factor operating condition recognition. For the vibration signal in the form of a time series, a 1D
CNN was adopted to extract local features of vibration signals through a 1D convolution kernel. Then,
an LSTM was adopted to describe the temporal relationship between local features through a memory
unit and gate mechanism. In this way, the combination of the 1D CNN and LSTM could perform well
for the analysis of vibration signals.

3.1. 1D CNN

A typical CNN [19] contains three types of network layers: a convolutional layer, pooling layer,
and fully connected layer. Some excellent variants of CNN were proposed, such as LeNet-5 [27],
AlexNet [19], and VGG-16 [28]. The image recognition ability of these CNN variants is outstanding,
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and they achieved remarkable results. In CNNs, the receptive field, weight sharing, and pooling can
greatly reduce the complexity of the network.

It was proven that a 1D CNN can be applied to the time series analysis of sensor data. In 1D CNNs,
features can be extracted from segments through 1D convolution, which is a weighted sum operation
between the weight matrix and the vibration data in each segment, with the addition of the overall bias.
Every convolution extracts a feature from a local receptive field, and the window of the convolution
kernel slides across the entire input sequence with a fixed step to achieve all features. The weight
sharing exists to maintain the weights of the convolution kernel in the sliding process. As shown in
Figure 4, the size of the i-th convolution kernel is shown, featuring weights (wi1, wi2, wi3) in a 1 × 3
format, with the bias left out for clarity. The corresponding feature vector F (fi1, fi2, fi3, . . . , fi(n−2)) can
be obtained from the input signal X (x1, x2, x3, . . . , xn) with one step of the convolution kernel.

Figure 4. Temporal convolution.

Mathematically, this can be expressed as shown in Equation (1).

fi j = Φ

⎛⎜⎜⎜⎜⎜⎝bi +
m∑

k=1

wik · xj+k−1

⎞⎟⎟⎟⎟⎟⎠, (1)

where m is the size of the convolution kernel, fij is the output of the j-th neuron of the i-th filter in the
hidden layer, Φ is the activation function, and bi is the overall bias of the i-th filter.

Convolution kernels of different sizes can extract features of different granularity [29]. Usually,
the first convolutional layer may only extract some low-level features, and more complex features can
be extracted from low-level features by stacking network layers.

As the pooling operation can maintain the variance of the translation, rotation, and scale, the
pooling layer is set following each convolutional layer to retain the main features. Meanwhile, it can
reduce the number of parameters to prevent overfitting and improve the generalizability of the model.
In a pooling layer, the features obtained from the activation function are cut into several regions,
and the maximum/average values can be taken as the new features to realize dimension reduction.
By repeating operations as described above, features can be extracted continuously to improve the
generalizability of the CNN.

Enough sensitive important features can be extracted by alternating convolutional and pooling
layers, and the fully connected layers can map the distributed feature representation to the sample
markup space. Finally, the output layer with a softmax activation function is used for classification.

3.2. LSTM

A recurrent neural network (RNN) is a kind of neural network which can be used for sequential
data analysis, while the LSTM is a specific kind of RNN. Compared with a traditional RNN, a memory
cell and gating mechanism are introduced to deal with the existence of gradient disappearance and
gradient explosion during the training of long sequences. The gating mechanism can be used to
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control the transfer state, which is designed to remember the important information and forget the
unimportant information. The memory cell of an LSTM is shown in Figure 5.

Figure 5. Memory cell of a long short-term memory network (LSTM).

As shown in Figure 5, the memory cell of an LSTM is made up of an input gate, output gate,
and forget gate. The sigmoid activation function is used in the forget gate to control the weight of
information that can be passed, whereas the tanh activation function is used in the input gate to deal
with the input at the current sequence position, and the sigmoid activation function is used in the
output gate to update the output based on the results of the input gate and forget gate. Mathematically,
the parameters of the LSTM can be updated as shown in Equation (2).

it = σ(Wxixt + Whiht−1 + bi);

ft = σ
(
Wx f xt + Wh f ht−1 + b f

)
;

ot = σ(Wxoxt + Whoht−1 + bo);

c̃t = tanh(Wxcxt + Whcht−1 + bc);

ct = ft · ct−1 + it · c̃t;

ht = ot · tanh(ct).

(2)

where xt is the input of a sequence, ct−1 is the last state, and ht−1 is the output of the last memory cell.
The state ct and output ht of the current memory cell can be obtained after parameter update calculation.

4. Methodologies

In this section, the 1D-CLSTM is firstly constructed for multi-factor operating condition recognition,
and then adaptive dropout is proposed. Moreover, the flowchart of the multi-factor operating condition
recognition method is introduced.

4.1. 1D Convolutional Long Short-Term Network

4.1.1. Overall Architecture

As described above, the features extracted by different neural networks have different
characteristics. The 1D CNN can obtain the features of a receptive field through convolution,
but the temporal relationship of the vibration signal is ignored as a result of the size of the convolution
kernel. As for the LSTM, a temporal relationship can be described through the memory cell and
gating mechanism. Therefore, the multi-factor operating condition recognition algorithm 1D-CLSTM
is proposed based on a 1D CNN and LSTM. In the proposed neural network framework, the 1D CNN
was designed to extract local features of vibration signals through 1D convolution, and the LSTM was
designed to describe the temporal relationship between local features. The overall architecture of the
1D-CLSTM is shown in Figure 6.
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Figure 6. Overall architecture of the one-dimensional convolutional long short-term network
(1D-CLSTM).

4.1.2. Architecture Design

According to the sampling frequency of the monitoring system and different operating conditions
introduced in Section 2, a signal segment with a length of 4096 can be determined to contain all the
information in a cycle. The crankshaft of a four-stroke diesel engine rotates 720 degrees to complete a
cycle, which means complete energy conversion. Therefore, the minimum receptive field can be defined
as a degree in the angular domain. Moreover, the size of the CNN filter in the first convolutional layer
can be set to an odd number greater than 4096/720.

Considering the particularity of a vibration signal, which is a non-periodic and non-stationary
signal, BN [30] is vital for regulating the input of some layers by fixing the mean value and variance of
input signals of each convolutional layer, through which the features can maintain the same distribution
in the training process of the 1D-CLSTM. Upon increasing the number of layers in a neural network,
the decreasing convergence rate often leads to gradient explosion or gradient disappearance, and BN is
an excellent solution. Therefore, the convolution is followed by BN in each convolutional layer. In all
convolutional layers, the rectified linear unit (ReLU) activation function is adopted, and BN occurs
in front of the ReLU activation function. In other words, the results of BN are the input of the ReLU
activation function. The ReLU activation function makes the output of some neurons equal to 0, which
results in sparsity of the network, thereby reducing the interdependence of parameters and alleviating
the occurrence of the overfitting problem. The average values of features obtained from the ReLU
activation function are taken as the new features to realize dimension reduction in a pooling layer.
The designed 1D-CLSTM begins with a sequence input, after which the features can be extracted by
alternate convolutional layers and pooling layers.

A complete periodic signal contains different sequential excitation responses; thus, the sequence
length processed by the LSTM can be determined according to the degree of excitation responses in the
angular domain. When the degree of an excitation response in the angular domain is 15, the number
of LSTM units can be chosen to be greater than 720/15. Following the final pooling layer, there is a
flattening layer to reshape the tensor as the input of the LSTM with 73 units. In order to accelerate the
convergence process of 1D-CLSTM training, adaptive dropout is applied. Finally, the output layer
with a softmax activation function is used for multi-class classification. The structural parameters of
the 1D-CLSTM are shown in Table 3.
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Table 3. Structural parameters of the one-dimensional convolutional long short-term network
(1D-CLSTM).

No. Network Layer Size of Convolution Kernel Stride Output Dimension

1 Input layer - - 4096 × 1
2 Convolutional layer-1 11 1 4096 × 32
3 Pooling layer-1 3 2 2047 × 32
4 Convolutional layer-2 13 1 2047 × 64
5 Pooling layer-2 3 2 1023 × 64
6 Convolutional layer-3 15 1 1023 × 128
7 Pooling layer-3 3 2 511 × 128
8 Flatten layer - - 73 × 896
9 LSTM (two layers) - - 73
10 Softmax - - 12

4.1.3. Adaptive Dropout

Dropout is widely used for improving model sparsity and preventing overfitting in model training.
The learning process of the 1D-CLSTM for multi-factor operating condition recognition is an iterative
one. On account of the mutual influence among interconnected neurons, every iteration is a greedy
search, whereby we find the best connections. That is, a connection may be unimportant due to
the existence of some others, but it becomes important once the others are removed. Therefore, the
adaptive dropout ratio is proposed to deal with this problem.

The most popular Bernoulli dropout technique [31] can be applied to neurons or weights.
Assuming the input of a weight or neuron as X, the output as Y, the dropout probability as P(α), and
the weight matrix as W, each neuron is probabilistically dropped at each training step, as defined in
Equation (3).

Y=(X·P)W. (3)

Each weight in the weight matrices is probabilistically dropped at each training step, as defined in
Equation (4).

Y=X(W·P). (4)

Usually, the dropout ratio α is constant for generating random network structures (for example,
0.5). However, the model capacity is constantly changing within the 1D-CLSTM training. Therefore,
the dropout ratio needs to be adaptive to the current network. Neurons or weights are dropped
temporarily during training and dropped forever after pruning to solidify the network structure.
Compared with the original network structure, the parameters of the current network become sparse
after pruning, and the dropout ratio should be reduced.

Assuming that the connection between the input layer and output layer is fully connected, the
number of connections can be calculated as shown in Equation (5).

Ci = NiNo. (5)

Since dropout works on neurons, taking Cio as the original network and Cic as the current network,
the dropout ratio α can be adjusted according to Equation (6).

αc =
αoNo

(No + 1)

√
Cic
Cio

, (6)

where αc represents the dropout rate of the current network, and αo represents the dropout rate of the
original network.
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4.1.4. Implementation

The loss function, which measures the degree of difference between the predicted value and actual
value, is a non-negative real value function. A smaller loss function denotes better robustness of the
model. Cross-entropy is frequently used for loss calculation in neural network training, as shown in
Equation (7).

loss = −
n∑

i=1

yi log(yi_), (7)

where yi represents the predicted value, yi_ represents the actual output, and n is the number of
training samples.

In the training of the 1D-CLSTM designed for multi-factor operating condition recognition,
the learning rate was set to 0.001. Through iterative calculation, the loss of 1D-CLSTM decreased
continuously and eventually became stable. Then, the weight of 1D-CLSTM was fixed, allowing the
1D-CLSTM classifier to be used for multi-factor operating condition recognition.

To make the training of the 1D-CLSTM model more efficient and achieve better performance, the
training techniques described below were introduced.

Mini-batch gradient descent. Considering the huge calculation in network training, a batch sample
was adopted in the training process, and the batch size was set to 128. The batch sample strategy uses
less memory and achieves a faster training speed than full batch learning. Compared with stochastic
gradient descent, mini-batch gradient descent is more efficient. Compared with batch gradient descent,
mini-batch gradient descent can achieve robust convergence to avoid local optimization. Therefore,
mini-batch gradient descent was taken as the optimizer to minimize the loss and adjust the weights in
the designed 1D-CLSTM.

Early termination. In the process of model training with the training set, the performance of the
model is also evaluated with the validation set. The validation error decreases in the beginning as the
training error decreases. After a certain number of training steps, the training error still decreases,
but the validation error no longer decreases. Therefore, early termination can act as a regulator
and effectively avoid overfitting of the model. Once the validation error stops decreasing, the early
termination of model training can be enforced in the training of the 1D-CLSTM.

4.2. Multi-Factor Operating Condition Recognition

To determine the multi-factor operating condition information of a diesel engine, a condition
recognition method using 1D-CLSTM is proposed. Firstly, acceleration sensors were used to monitor
the status information of a diesel engine under different operating conditions. Considering the
characteristics of the vibration signal, some performance improvement techniques were adopted
in the 1D-CLSTM, such as BN, ReLU activation function, adaptive dropout. Moreover, mini-batch
gradient descent and early termination were adopted in the training of 1D-CLSTM to achieve a fast
training speed and avoid overfitting of the model. Accordingly, the 1D-CLSTM could be trained using
supervised learning. After training, the trained 1D-CLSTM classifier could be used for the classification
of multi-factor operating conditions. The flowchart of the multi-factor operating condition recognition
method is shown in Figure 7.
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Figure 7. The flowchart of the condition recognition method.

5. Experiments

According to the flowchart shown in Figure 7, the training performance of the designed 1D-CLSTM
is presented below. After training, the performance of 1D-CLSTM using vibration signals for multi-factor
operating condition recognition was evaluated. Moreover, the vibration signals measured from another
kind of diesel engine were applied to verify the generalizability of the proposed approach. Finally,
the results of the proposed approach for multi-factor operating condition recognition were compared
to other classification algorithms to verify that the designed 1D-CLSTM with strong generalizability
could provide higher classification accuracy. The 1D-CLSTM model was written using Python 3.6 with
TensorFlow and run on Window 10 with an NVIDIA Quadro P6000.

5.1. Training Performance of the Designed 1D-CLSTM

The vibration signals were in the form of a time series, used as the input data for training the
designed network, with a total of 7200 samples. The whole dataset was randomly divided into two
sets: 80% for training and 20% for validation. In other words, the training set had 5760 samples, and
the validation set had 1440 samples. With the continuous iterative training of 1D-CLSTM, the losses
of the training set and validation set decreased as the number of epochs increased, as depicted in
Figure 8. On the contrary, the accuracies of the training set and validation set continuously improved,
as depicted in Figure 9. According to the early termination, the model training stopped when the loss
of the validation set stopped decreasing. The training of 1D-CLSTM stopped at the 63rd epoch when
the cross-entropy of the validation set was 0.01913 and the accuracy of the training set was 0.9953.
Therefore, the corresponding 1D-CLSTM classifier is a desired classification model for multi-factor
operating condition recognition.

Figure 8. Losses of training set and validation set.
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Figure 9. Accuracies of training set and validation set.

A confusion matrix, which contains information about actual and predicted classes, was used to
describe the generalizability of the 1D-CLSTM classifier [32]. The testing set had a total of 1200 samples,
with 100 samples for each operating condition. The confusion matrix for the testing set is shown in
Figure 10.

Figure 10. Confusion matrix for testing set.

The elements in row i and column j of the confusion matrix represent the number of times the j
class was identified as the i class. Therefore, only the diagonal elements denote correct recognition.
It can be seen from Figure 10 that only 11 samples out of 1200 were misclassified. Therefore, the
designed 1D-CLSTM can classify multi-factor operating conditions with an accuracy of 99.08%.

5.2. Comparison of Training Performance with Different Dropout Ratios

The convergence process in model training is an important factor for achieving a classifier with
excellent performance. Dropout serves as an effective approach to improve the model sparsity and
prevent overfitting in model training. To find the best connections in the designed 1D-CLSTM, a suitable
dropout ratio was very important. Adaptive dropout, due to its flexibility depending on network
capacity, is able to maintain the balance between model performance and model sparsity. To check the
effect of adaptive dropout, training accuracy curves of different dropout ratios were plotted, as shown
in Figure 11. According to the early termination, the model training using adaptive dropout stopped
at the 63rd epoch, and the comparison of training performance with different dropout ratios was
conducted within 63 epochs.
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Figure 11. Training accuracy curves with different dropout ratios.

It can be seen from Figure 11 that the training performance using adaptive dropout was best; thus,
adaptive dropout can improve the training performance to achieve the desired model.

5.3. Comparison Analysis

To validate the performance of the designed 1D-CLSTM, the proposed method was compared
with the following baseline methods:

1. The k-nearest neighbor (kNN) algorithm, which works with a multi-domain feature set [33].
Based on the multi-domain feature set, the kNN algorithm is more suitable than other statistical
learning methods.

2. The support vector machine (SVM), which works with a multi-domain feature set. SVM is a kind
of generalized linear classifier that can be used for supervised learning.

3. The 1D LeNet-5, which is a convolutional network that has the same network layers as LeNet-5,
i.e., two convolutional layers and two fully connected layers. The corresponding structural
parameters are listed in Table 4.

4. The 1D AlexNet, which is a convolutional network that has the same network layers as AlexNet,
i.e., five convolutional layers and three fully connected layers. The corresponding structural
parameters are also listed in Table 4.

5. The 1D VGG-16, which is a convolutional network that has the same network layers as VGG-16,
with 1D convolution kernels adopted. The corresponding structural parameters are also listed in
Table 4.

6. A traditional LSTM, which has two layers and 32 LSTM units in each layer.

In Table 4, s represents the stride, and the convolution is followed by BN in each convolutional layer.

Table 4. Structural parameters of the 1D-CLSTM.

1D LeNet-5 1D AlexNet 1D VGG-16

Conv1 [1,11] × 64, s = 1 Conv1 [1,11] × 32, s = 1 Conv1 [1,3] × 16, s = 1 Conv9 [1,3] × 128, s = 1
AveragePooling1 [1,3], s = 2 MaxPooling1 [1,3], s = 2 Conv2 [1,3] × 16, s = 1 Conv10 [1,3] × 128, s = 1

Conv2 [1,13] × 128, s = 1 Conv2 [1,5] × 64, s = 1 MaxPooling1 [1,2], s = 2 MaxPooling4 [1,2], s = 2
AveragePooling2 [1,3], s = 2 MaxPooling2 [1,3], s = 2 Conv3 [1,3] × 32, s = 1 Conv11 [1,3] × 256, s = 1

FC1 (1024) Conv3 [1,3] × 128, s = 1 Conv4 [1,3] × 32, s = 1 Conv12 [1,3] × 256, s = 1
FC2 (512) Conv4 [1,3] × 128, s = 1 MaxPooling2 [1,2], s = 2 Conv13 [1,3] × 256, s = 1
softmax Conv5 [1,3] × 128, s = 1 Conv5 [1,3] × 64, s = 1 MaxPooling5 [1,2], s = 2

- MaxPooling3 [1,3], s = 2 Conv6 [1,3] × 64, s = 1 FC1 (1024)
- FC1 (1024) Conv7 [1,3] × 64, s = 1 FC2 (512)
- FC2 (512) MaxPooling3 [1,2], s = 2 softmax
- softmax Conv8 [1,3] × 128, s = 1 -
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For multi-factor operating condition recognition, the class domains of operating conditions
are likely to overlap with each other. Our goal was to develop a multi-factor operating condition
recognition method that can achieve high generalization accuracy. Therefore, the same vibration
data were used for the training and testing with the above methods, and the corresponding model
performance is shown in Table 5.

Table 5. Performance comparison. SVM—support vector machine.

Learning Model Generalization Accuracy (%)

1D-CLSTM 99.08
LSTM 74.12

kNN with a multi-domain feature set 92.18
SVM with a multi-domain feature set 94.91

1D LeNet-5 94.43
1D AlexNet 97.54
1D VGG-16 98.01

It can be seen from Table 5 that the generalization accuracy of the proposed method was the best.
This shows that the 1D-CLSTM learns to predict new data with higher accuracy than other machine
learning models and avoids overfitting. In addition, the trained 1D-CLSTM classifier can be used
as a good initializer for similar tasks of transfer learning (https://github.com/Larrylyh/Condition_
Recognition).

5.4. Generalizability Verification

To verify the generalizability of the proposed approach, the designed 1D-CLSTM was applied to a
diesel engine with 20 cylinders (V20DE), which is shown in Figure 12.

Figure 12. The diesel engine with 20 cylinders.

The vibration data under different operating conditions, which are listed in Table 6, were measured.

Table 6. Operating conditions of V20DE.

No. Rev (rpm) Load (kN·m)

1 600 0
2 1100 17.7
3 1500 22.6
4 1500 26.6
5 1500 28.3

Generally, the data measured from different engine types vary greatly, and the 1D-CLSTM
classifier would need to be trained before use. The test set of V20DE contained 2101 samples, and the
corresponding confusion matrix is illustrated in Figure 13. As depicted in Figure 13, 32 samples out of
2101 were misclassified, and the corresponding accuracy was 98.48%.
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Figure 13. Confusion matrix.

6. Conclusions

In this study, an effective approach was proposed for multi-factor operating condition recognition
using a 1D convolutional long short-term network. The proposed method was capable of monitoring
and automatically recognizing multi-factor operating conditions based on the vibration signal measured
on engine cylinder heads. Moreover, the measured vibration signals no longer needed a complex
feature extraction process for condition recognition. Subsequently, adaptive dropout was proposed for
improving the model sparsity and preventing overfitting in model training. The experimental results
proved that the designed 1D-CLSTM classifier is indeed ideal for multi-factor operating condition
recognition with high generalization accuracy. At the same time, adaptive dropout could achieve
better training performance than a constant dropout ratio. In addition, this method has the potential
for application in real-time scenarios because the implementation of the 1D-CLSTM classifier is simple.
Last but not least, the trained 1D-CLSTM classifier can be used as a good initializer for similar tasks
of transfer learning. In the future, new studies will be conducted on the transition period between
the defined operating conditions to obtain a model that can identify continuous operating conditions.
Moreover, continuous operating condition recognition can be the basis of fault detection or diagnosis
under variable operating conditions.
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Abstract: The electromagnetic wear particle detector has been widely studied due to its prospective
applications in various fields. In order to meet the requirements of the high-precision wear particle
detector, a comprehensive method of improving the sensitivity and detectability of the sensor is
proposed. Based on the nature of the sensor, parallel resonant exciting coils are used to increase
the impedance change of the exciting circuit caused by particles, and the serial resonant topology
structure and an amorphous core are applied to the inductive coil, which improves the magnetic flux
change of the inductive coil and enlarges the induced electromotive force of the sensor. Moreover, the
influences of the resonance frequency on the sensitivity and effective particle detection range of the
sensor are studied, which forms the basis for optimizing the frequency of the magnetic field within
the sensor. For further improving the detectability of micro-particles and the real-time monitoring
ability of the sensor, a simple and quick extraction method for the particle signal, based on a modified
lock-in amplifier and empirical mode decomposition and reverse reconstruction (EMD-RRC), is
proposed, which can effectively extract the particle signal from the raw signal with low signal-to-noise
ratio (SNR). The simulation and experimental results show that the proposed methods improve the
sensitivity of the sensor by more than six times.

Keywords: particle detection; sensitivity; resonance; amorphous core; signal extraction

1. Introduction

Wear is one of the major causes of failure in machine components. The excessive wear of some core
parts of machineries, especially for large-scale mechanical equipment, may lead to a poor mechanical
performance, which in turn causes enormous economic losses. Therefore, for online monitoring of the
wear condition of machineries in order to prevent serious malfunctions, the wear particle detector
has demonstrated its value [1–3]. To date, wear particle detectors with different physical principles,
including optics, ultrasonics, electronics, and imaging, have been proposed, and the characteristics of
the various kinds of sensors are listed in Reference [4]. Among them, electromagnetic wear particle
detectors have demonstrated significant advantages in online wear condition monitoring because of
their strong anti-interference ability, good temperature stability, and high reliability.

To achieve a better particle detection effect, sensors with different structures have long been objects
of study. Flanagan et al. [5] proposed a wear particle detector with a single coil (inner diameter of
6 mm), which identifies particles by the fluctuation of the sensor resonance frequency. Experimental
results showed that the sensor could detect iron particles with a diameter of 150 μm. Fan et al. [6]
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designed a double-coil wear particle detection sensor. It estimates the size and the material properties
of particles by measuring the inductance difference between the sensing coil and the reference coil of
the sensor and can successfully detect 100 μm ferromagnetic particles and 500 μm non-ferromagnetic
particles. To improve the consistency of the particle detection results, a sensor with planar spiral
coils [7] was proposed. The simulation and experimental results showed that the uniformity of the
magnetic field in the detection area was greatly improved, however, the sensor could only detect the
ferromagnetic particles with a diameter of 700 μm. Further, Hong et al. [8] designed a radial inductive
debris detection sensor that consisted of a C-type iron core, a drive coil, and an inductive coil. The
experimental results indicated that the sensor could effectively detect a 290 μm ferromagnetic particle
in a 20 mm diameter pipe. However, the magnetostatic field was adopted in this sensor, so it could not
detect non-ferromagnetic particles. To improve the sensitivity of the sensor, the wear particle detector
with a parallel three-coil structure was studied [9–11]. The study demonstrated that the sensor could
detect approximately 100 μm ferromagnetic particles and 305 μm non-ferromagnetic particles in a
7.6 mm diameter channel. However, the sensitivity and the detectability are still the main obstacles for
the development and application of the wear particle detector. Therefore, some measures have been
taken to further improve the sensitivity of the sensor. The most direct and valid approach is adopting
micro-channel structures [12]. The typical feature of this kind of sensor is that the diameter of the
inner channel is smaller than 1 mm, which reduces the distance between target particles and sensor
coils. Du et al. [13] proposed a micro-channel device based on an inductive coulter counting principle
to detect metal wear particles in lubricating oil. The device could detect about 50 μm ferromagnetic
particles and 125 μm non-ferromagnetic particles. Wu et al. [14] designed a microfluidic chip-based
inductive wear particle detection device. For this sensor, the inner diameter of the coil was set to 200
μm, and the experimental results revealed that it could detect ferromagnetic particles with a diameter
of 5–10 μm. Although the sensitivity of the sensor was greatly enhanced, the small channel diameter of
the sensor greatly limits its application to large-scale machineries. Besides that, Li et al. [15] carried out
a study to improve the sensitivity of a single-coil wear particle detector. They innovatively proposed
that adding an external capacitor to the sensor coil and making the sensor work in a parallel resonance
state could boost the sensitivity of the sensor. Recently, Zhu et al. [16] added a ferrite core to the
single-coil wear debris detection sensor for the enhancement of sensor sensitivity. With this method,
the sensor could detect 11 μm ferromagnetic particles in fluidic pipes with a diameter of 1 mm under a
throughput of 750 mL/min.

The size of the minimum detectable particle and the real-time ability of the sensor are also limited
by the noise level of the raw signal and the performance of the particle signal extraction algorithm.
Fan et al. [17] presented a joint time-invariant wavelet transform and kurtosis analysis approach to
extract the effective particle signal. This method depresses the background noise of a raw signal by a
threshold. In this way, the wear particle detection effect is greatly influenced by the environmental
noise. Li et al. [10,18,19] adopted the maximal overlap discrete wavelet transform to remove vibration
interferences from the raw signal. Luo et al. [20] integrated the resonance-based signal decomposition
method and fractional calculus (RSD-FC) to improve the detection accuracy of the sensor. These
methods do improve the particle detection effect to a certain degree, but they are only valid when the
signal-to-noise ratio (SNR) of the signal is sufficiently high, which generally means higher than 2 dB.
Meanwhile, overcomplicated algorithms require a relatively high computational cost, which makes the
sensor unsuitable for application to continuous real-time monitoring [21].

To meet the requirements of the high-precision wear particle detector and improve the
micro-particle detection effect, a comprehensive method of improving the sensitivity and detectability
of the sensor is proposed. Based on the essential features of the sensor, a parallel resonance topology
and a series resonance topology are applied to the exciting coil and the inductive coil respectively, to
comprehensively boost the sensitivity of the sensor. In addition, the influence of resonance frequency
on the sensitivity and effective particle detection range of sensors is studied, which lays the foundation
for optimizing the frequency of the magnetic field within the sensor. To further improve the induced
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electromotive force, an amorphous iron core is added to the inductive coil. The high permeability and
the low hysteresis loss and eddy current loss of the amorphous material contribute to improving the
sensitivity and keeping the performance of the sensor under a high-frequency alternating magnetic
field. Additionally, to improve the real-time performance of wear monitoring, a quick extraction
method of the particle signal, based on a modified lock-in amplifier and empirical mode decomposition,
is proposed. This method dramatically reduces the amount of computation of the system and can
quickly extract the particle signal from the raw signal with an extremely low signal-to-noise ratio (SNR).

2. Device Description and Measurement Setup

2.1. Sensor Description

The core structure of the proposed wear particle detector is shown in Figure 1. Differing from the
conventional wear particle detection sensor, which only includes a coil frame, two reverse exciting
coils, and an inductive coil, the proposed particle detector adopts the resonance principle and an
amorphous iron core to compressively improve its sensitivity. Based on the features of the sensor,
the parallel resonance topology is used for the exciting coil to boost the impedance change of the
coil caused by particles. Moreover, the series resonance principle is applied to the inductive coil to
improve the induced electromotive force. Therefore, the resonant capacitors C1 and C3 are connected
to the left and right exciting coils of the sensor in parallel, and the resonant capacitor C2 is connected
to the inductive coil in series. The general working principle of the sensor has been expounded in
Reference [22]. In order to achieve the flow requirements of wear monitoring for large-scale machines,
the inner diameter of the sensor is set to 7 mm.

Figure 1. The structure of the proposed wear particle detector.

The metal wear particles passing through the sensor lead to magnetic perturbation of the
sensor. More specifically, ferromagnetic particles enhance the local magnetic flux density, while
non-ferromagnetic particles decrease the local magnetic flux density [22]. In these cases, the change
of the magnetic flux through the exciting coil and the inductive coil can be expressed as (1) and
(2), respectively:

Δφe =
∑∫

ΔBp(x, y)ds = Δ(L× I) (1)

Δφi = K(1− λ)(φe1 −φe2) (2)

where, φe is the magnetic flux through the exciting coil, ΔBp is the change of magnetic flux density
in the sensor caused by particles, L is the inductance of the exciting coil, I is the current through the
exciting coil, K is the gain factor of magnetic flux through the inductive coil, λ is the magnetic flux
leakage coefficient, which is closely related to the sensor structural parameters, and φei is the magnetic
flux through the ith exciting coil.
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The induced electromotive force output by the inductive coil can be expressed as (3), where Ni is
the number of turns of the inductive coil:

E0 = −Ni
Δφi

Δt
≈ −KNi(1− λ)Δ(L× I)

Δt
. (3)

From the above equation, we can see that for the sensor with certain structural parameters, the
magnitude of the induced electromotive force is related to the product of the inductance of the exciting
coil and current through the exciting coil, and the gain factor K. Because the change of coil inductance
caused by wear particles is extremely weak, one method of improving the sensitivity of the sensor
is to enlarge the current variation through the exciting coils, which is closely associated with the
impedance change of the exciting circuit caused by particles. Meanwhile, this research proves that a
series-resonant inductive coil and an amorphous core can boost the gain factor K. The mechanism of
enhancing the sensitivity of the sensor is explained in detail in the following section.

2.2. A Sensitivity Comparison Analysis of the Sensors

To demonstrate the mechanism of sensitivity improvement by the resonant principle and the
amorphous core, a sensitivity comparison analysis of the conventional and proposed wear particle
detector was conducted. The circuit diagrams of the sensors are displayed in Figure 2a,b, where L1 and
L2 are the inductances of the exciting coils, L3 is the inductance of the inductive coil, C1, C2, and C3 are
the resonant capacitors for each coil, and the internal resistances of these coils are r1 = r2 = 4.1 Ω and r3

= 4.3 Ω. For the proposed sensor, as shown in Figure 2b, the resonance condition must be satisfied as
Equation (4), where f0 is the resonant frequency.

f0 ≈ 1

2π
√

LC
(4)

  
(a) (b) 

Figure 2. The circuit diagrams of the sensors. (a) The conventional sensor, (b) the proposed sensor.

The impedance change of the exciting circuit caused by particles can characterize the sensitivity
of the sensor indirectly. When no particles enter the sensor, the impedance of each exciting circuit of
the two sensors, as shown in Figure 2a,b, can be expressed as (5) and (6), respectively. Here, Za and
Zb are the impedances of the non-resonant and resonant exciting circuits respectively, Lq = Li −M
is the equivalent inductance of a single exciting coil, Li is the self-inductance of the ith exciting coil,
and M is the mutual inductance between the two exciting coils. Note that, under the resonance state,
1−ω2LqC ≈ 0 and ωCr� 1, so it can be obtained that Zb � Za.

Za = jωLq + r (5)

Zb =
( jωLq + r)

1−ω2LqC + jωCr
. (6)
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When wear debris gets access to the sensor, the inductance of one of the two exciting coils
changes, which further leads to an impedance difference between the two exciting circuits. Taking
the ferromagnetic particle as an example, the inductance-change of a coil caused by a ferromagnetic
particle with a radius of ra can be expressed as (7) [23]:

ΔL =
(
√

5− 1)μ0μrN2r3
a

l2
. (7)

Here, μ0 = 4π× 10−7H/m is the permeability of the vacuum, μr is the relative permeability, N is
the number of turns of the coil, and l is the width of the coil.

The impedance differences between the exciting circuits of the two sensors, as shown in Figure 2a,b,
are given by:

ΔZa = jωΔL
ΔZb =

jωΔL
(1−ω2C(L+ΔL)+iCrω)(1−ω2CL+iCrω)

(8)

To characterize the sensitivity of the two sensors, the impedance differences between the exciting
circuits of each sensor are calculated by MATLAB (MathWorks, USA) and shown in Figure 3. During
the calculation, the equivalent inductance of the exciting coils is Lq1 = Lq2= 270.2 μH, which is obtained
from experimental measurement, the exciting frequency is set to f0 = 134.5 kHz, and the corresponding
resonant capacitances are C1 = C2= 5.17 nF. It can be seen that for the sensor with a non-resonance
principle, the impedance difference slowly grows with the increase of the particle diameter, and that
it is merely 0.41 Ω when the diameter of the ferromagnetic particle is 750 μm. However, for the
sensors with resonant exciting coils, the impedance difference rises rapidly with the increase of particle
diameter, reaches a peak value (3.99 Ω) at the position of r1 (528 μm), and then decreases sharply.
Therefore, the obvious impedance difference between the exciting circuits of the proposed sensor
signifies that the parallel resonant exciting coil does improve the sensitivity of the sensor to a certain
extent. However, the nonlinear characteristics of the impedance difference mean that different sized
particles, such as the particles with the diameter of rp and rp′, may lead to the same impedance change,
and even the impedance change, caused by the particle larger than r2 in diameter, turns negative,
which means that the large ferromagnetic particle may be recognized as a non-ferromagnetic particle.
Therefore, for correctness of the particle detection result, the effective detection range of the proposed
sensor is restricted to (0,r1).

 
Figure 3. The impedance difference between exciting circuits of different sensors.

To effectively monitor the initial abnormal wear stage of the machinery, some measures must be
taken to improve the detectability for micro particles. It is calculated that for the proposed sensor, the
resonance capacitance (or resonance frequency) greatly affects the peak position of ΔZb. The impedance
differences between the two exciting circuits with different resonance capacitors are displayed in
Figure 4. It can be seen that with the decrease of the capacitance, the impedance difference curve
shifts to the left, which reduces the particle detection range of the sensor to (0, ra

′), but enhances
the impedance difference between the two exciting circuits caused by micro particles. Therefore, the
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smaller resonance capacitance (higher resonance frequency) contributes to the detection of micro wear
particles. However, that greatly increases the current through the exciting coils and makes the sensor
produce more heat, which is harmful to the reliability of the sensor. Meanwhile, the excessive field
frequency increases the magnetic losses in particles, which weakens the detectability for ferromagnetic
particles. Considering the above factors, a real well-selecting experiment was conducted, and the
results showed that a resonant capacitance of 1nF is appropriate for the detection of ferromagnetic
particles. In this situation, the detection range of the sensor was restricted to (0, 300) μm.

 
Figure 4. Impedance difference between exciting circuits of the proposed sensor with different
resonant capacitors.

The impedance change of exciting coils caused by particles leads to current redistribution, which
is one of the key factors of improving the sensitivity of the sensor. Under this circumstance, the current
difference between exciting coils, for the sensors shown in Figure 2a,b, can be expressed as (9) and
(10), respectively:

ΔIa = I0(
1 + ΔZa/Za

2 + ΔZa/Za
)(1− 1

1 + ΔZa/Za
) (9)

ΔIb = I0
Zb
Za

(
1 + ΔZb/Zb
2 + ΔZb/Zb

)(1− 1
1 + ΔZa/Za

). (10)

Note here that, when the particle diameter is distributed in the range (0, ra
′), Zb > Za and ΔZb/Zb >

ΔZa/Za. Therefore, we obtain:

ΔIb =
Zb
Za

(
1 + ΔZb/Zb
2 + ΔZb/Zb

)(
2 + ΔZa/Za

1 + ΔZa/Za
)ΔIa � ΔIa. (11)

The combination of (3) and (11) implies that the parallel resonant exciting coil can essentially
improve the induced electromotive force. Meanwhile, Equations (2) and (3) indicate that increasing
the magnetic flux through the inductive coil is helpful to further enhance the detectability for micro
wear particles and boost the sensitivity of the sensor. Therefore, an amorphous iron core is added to
the inductive coil. For the inductive coil, the difference in the magnetic flux density between the two
exciting coils can be equivalent to a weak external magnetic field Hp, which produces the magnetic flux
of the inductive coil. Based on the equation of B = μH,ϕ =

∑∫
Bds, it can be obtained that a ferrite

core with a high permeability can boost the external magnetic field and enhance the magnetic flux
of the inductive coil. To demonstrate the enhancement effect of the magnetic flux by the amorphous
core, a simulation was conducted using the software of COMSOL Multiphysics (COMSOL, Stockholm,
Sweden). The simulation parameters used were obtained from the experimental system (illustrated in
Section 3). The magnetic fluxes of the inductive coil caused by a 100 μm iron particle for the sensors
are displayed in Figure 5. It can be seen that the magnetic flux through the inductive coil of the sensor
with the amorphous core increases significantly. In this case, a larger induced electromotive force is
produced by the inductive coil.
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Figure 5. Magnetic flux of the inductive coil.

To further magnify the induced electromotive force caused by particles, the series resonance
principle is adopted for the inductive coil and the capacitor C3 also needs to meet the resonance
condition as (4). It is noteworthy that the resonance frequency should maintain a consistent value
with the exciting frequency f0 and the inductive coil can be regarded as a power source. Under the
series resonant state, the current through the coil reaches a peak as (12), and the output signal of the
sensor can be expressed as (13). The result shows that the series resonant inductive coil magnifies the
output signal of the sensor, and the magnification can be comprehensively described as the quality
factor of the induction coil. In this situation, the stray capacitance of the coil and the equivalent series
resistance of the resonant capacitor cannot be neglected, so it is difficult to directly calculate the quality
factor. We measured the quality factor using a digital electric bridge tester (TH2821B) and obtained an
approximate value of 3.22, which indicates that the output signal of sensor Es ≈ 3.22E0:

I3 =
E0

(r3 + jωL3 + 1/ jωC3)
≈ E0

r3
(12)

Es = I3(r3 + jωL3) = E0

√
1 + (ωL3/r3)

2 > E0. (13)

Here, I3 is the current through the inductive coil under the resonant state, and E0 and Es are the induced
electromotive forces output by the inductive coil and the sensor, respectively.

Consequently, adding an amorphous iron core to the inductive coil and making it work in the
series resonance state are two significant methods of further improving the sensitivity of the sensor.

2.3. Particle Signal Measurement Setup

For the proposed sensor, because of the weak inhomogeneity of the magnetic field between the
exciting coils, the initially induced electromotive force interference is produced when no particles pass
through the sensor. By analyzing the characteristics of the sensor signal, it can be obtained that the
real output signal is composed of the effective particle signal, initially induced electromotive force
interference, and environmental interference. The real sensor signal can be expressed as:

Es = E0

√
1 + (ωL3/r3)

2 = (E(ra, v) sin(ω1t + ϕ2) + E(Δ)) sin(ω0t + ϕ1) + N(t) (14)

where, E(ra, v) sin(ω1t + ϕ2) is the effective particle signal, E(Δ) sin(ω0t + ϕ1) is the initially induced
electromotive force interference, ω0 and ω1 are the angular frequencies of the exciting signal of the
sensor and the effective particle signal respectively, and N(t) is the Gaussian noise resulting from
environmental interference.

A measurement system for weak signals is crucial for the detection of wear particles. For satisfying
the high real-time requirements of online wear monitoring, a new signal extraction method, based on a
modified lock-in amplifier (MLIA) and empirical mode decomposition (EMD), is proposed. Compared
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with conventional peak-detection (PD) algorithms [17,18,20], the proposed method is much simpler
and faster. It can adapt to circumstances with an extremely low signal-to-noise ratio (SNR). Figure 6
shows the block diagram of the signal measurement system. The frequency synthesizer is used to
adjust the frequency of the exciting signal to satisfy various monitoring situations. A capacitance
matcher is applied to match suitable capacitances for sensor coils. The process of particle signal
extraction includes the pre-detection process, preliminary signal extraction, and signal shaping. In the
pre-detection process, the raw signal of the sensor is amplified and then filtered by a power frequency
filter and an anti-aliasing filter to remove the 50 Hz interference and the high-frequency interference
which is generally caused by mechanical vibration of the sensor. For preliminary signal extraction, a
modified lock-in amplifier (MLIA) is proposed. In contrast to a conventional lock-in amplifier (LIA),
the MLIA adopts two Bessel-type band-pass filters with a center frequency f0 due to the essential
feature of the sensor signal, and the effective particle signal is amplitude-modulated by a sinusoidal
signal with a frequency of f0. Besides that, to quickly eliminate the initially induced electromotive
force interference, a Bessel high-pass filter with a cut-off frequency of 5 Hz was used. Because the
extraction effect of the particle signal is relevant to the function of these filters and SNR of the raw
signal, to adapt the detection requirement of the particles with different speeds, the raw signal is
always under-filtered by these filters. Therefore, some unfiltered Gaussian interference still exists in
the particle signal, which lowers the detection effect for particles, especially for particles with a low
speed. Hence, the particle signal-shaping method based on the EMD is proposed.

Figure 6. Block diagram of the signal measurement system.

In the procedure for preliminary signal extraction, the reference signal of MLIA is set to A sin(ω0t+
ϕ3), which has the same frequency as the exciting signal. After that, the raw signal is multiplied by
both the reference signal and a signal in quadrature with respect to a reference signal of A cos(ω0t+ϕ3).
The signals of i(t) and q(t) can be obtained as (15) and (16), respectively. It can be seen that i(t) and
q(t) consist of three parts: the amplitude component, high-frequency part (frequency is 2 f0), and
noise sector:

i(t) = ((E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) ∗ sin(2π f0t + ϕ1) + N(t))A sin(2π f0t + ϕ3)

= A
2 (E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) ∗ cos(ϕ1 −ϕ3) − A

2 (E(ra, v) ∗ sin(2π f1 + ϕ2)

+E(Δ)) ∗ cos(2 ∗ 2π f0t + ϕ1 + ϕ3) + N(t) ∗A sin(2π f0t + ϕ3)

(15)

q(t) = ((E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) ∗ sin(2π f0t + ϕ1) + V(t) + N(t)) ∗A cos(2π f0t + ϕ2)

= A
2 (E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) ∗ sin(ϕ1 −ϕ3) +

A
2 (E(ra, v) ∗ sin(2π f1 + ϕ2)

+E(Δ)) ∗ sin(2 ∗ 2π f0t + ϕ1 + ϕ3) + N(t) ∗A cos(2π f0t + ϕ3)

(16)
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After the MLIA’s band-pass filters, the high-frequency component and most of the noise
interference can be removed. Therefore, the following signals are obtained:

I(t) =
A
2
(E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) ∗ cos(ϕ1 −ϕ3) (17)

Q(t) =
A
2
(E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) ∗ sin(ϕ1 −ϕ3). (18)

The estimation of the specific component amplitude (SCA) is given by (19). There are two sectors
in the SCA: a sinusoidal component with a frequency of f1, which involves the effective particle
signal, and a direct component that reflects the amplitude of the initially induced electromotive force
interference. Therefore, a Bessel high-pass filter with a cut-off frequency of 5 Hz is used to remove the
DC interference component, and the effective particle signal is then obtained as (20):

SCA =

√
I(t)2 + Q(t)2 =

A
2
(E(ra, v) ∗ sin(2π f1 + ϕ2) + E(Δ)) (19)

Esig =
A
2
(E(ra, v) ∗ sin(2π f1 + ϕ2). (20)

That the cut-off frequency of the high-pass filter is 5 Hz means that the allowable minimal speed
of particles passing through the sensor is v = f1 ∗ l = 5 ∗ 11 × 10−3 = 5.5 × 10−2 m/s, and the
corresponding allowable minimum quantity of flow is V = πvd2/4 = 0.127 L/min. Here, l is the outer
distance between the exciting coils and d is the inner diameter of the sensor.

Although the modified lock-in amplifier can preliminarily extract the weak particle signal and
greatly improve the SNR of the signal, there is still some unfiltered Gaussian interference which
influences the accurate judgment of the signal amplitude. Therefore, the signal-shaping method based
on the EMD-RRC (empirical mode decomposition and reverse reconstruction) is adopted. EMD is an
adaptive time-frequency signal processing method used to decompose non-stationary or nonlinear
data into several elementary intrinsic mode functions (IMFs), which contain the local features of
the raw signal at different time scales. The detailed decomposition process is stated in [24,25]. The
preliminarily extracted particle signal can be decomposed by the EMD method as:

Esig =
k∑

i=1

ci(t) + r(t) (21)

where, ci(t) is the ith intrinsic mode function and r(t) is the residual term.
Based on the theory of the EMD, the low-order IMFs contain the high-frequency component of

the raw signal, and the high-order IMFs and the residual term represent the low-frequency trend
component of the signal. Considering the preliminarily extracted particle signal, in order to eliminate
the residual interference, the trend component with a low frequency should be removed first. Hence, a
trend component identification method is adopted. In this method, the trend component is identified
as [10]:

m(t) =
k∑

i=k1

ci(t) + r(t) (22)

where, k1 is the trend order of IMFs which satisfies:

k∏
i=k1

(
∣∣∣Mean(ci(t))

∣∣∣−HT) > 0

k1−1∏
i=1

(
∣∣∣Mean(ci(t))

∣∣∣−HT) < 0
(23)
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where, Mean(.) denotes the mean function, and HT= 0.05
∣∣∣Mean(r(t))

∣∣∣ is the threshold.
To further eliminate the high-frequency interference, a reverse reconstruction method is proposed

to reconstruct the signal of the particle. This method gradually adds lower-order IMFs to the detrended
highest-order IMF, which produces a series of reconstruction signals expressed as:

Ej
rsig =

k1−1∑
i=k1− j

ci(t). (24)

The best denoising effect means the maximal correlation between the particle signal and an ideal
sinusoidal signal. Hence, the synthesized correlation coefficient as (25) is used to evaluate these
reconstructed signals and to select the best reconstruction order:

ρ
j
rsig =

COV(Ej
rsig, Estd)√

Ej
rsig

√
Estd

. (25)

Here, COV(.) denotes the covariance function and Estd is an ideal sinusoidal signal.
The array of synthesized correlation coefficients for the different reconstruction particle signals is

established as:
ρmax = max(

∣∣∣∣ρ1
rsig

∣∣∣∣, ∣∣∣∣ρ2
rsig

∣∣∣∣, . . . , ∣∣∣∣ρ j
rsig

∣∣∣∣). (26)

Combining Equations (24)–(26), the best reconstruction signal is expressed as:

Eout =
∑

Ej
rsig∗(sgn(

∣∣∣∣ρ j
rsig

∣∣∣∣−ρmax) + 1) . (27)

The signal extraction process is simulated by MATLAB SIMULINK and the signal-to-noise ratio
(SNR), as shown Equation (28), is used to evaluate the effect of the proposed signal measurement
system. In addition, to illustrate the influence on the signal detection effect by the initially induced
electromotive force interference, the signal-to-harmonics ratio (SHR) is defined as (29).

SNR = 10 log10
(Pp/PN) (28)

SHR =
Ep

∣∣∣
p−p

E0|p−p
. (29)

Here, Pp and PN are the power of the effective particle signal and the noise signal respectively,
Ep is the effective particle signal, E0 is the initially induced electromotive force, and the subscript p-p
means the peak-to-peak value.

The simulation is conducted on the condition that the effective particle signal is E0 = 5 ×
10−5 sin(2π f0t), SHR equals 1/100, the variance of Gaussian noise is 1e-8, and the signal amplification
factor is 100. In this situation, the raw signal of the sensor is demonstrated in Figure 7a, which shows
that the particle signal is fully submerged in the interference, and the SNR of the raw signal is as low
as –21.37 dB. The preliminarily extracted particle signal is displayed in Figure 7b. It can be seen that
the interference component is greatly removed from the raw signal, however, the residual interference
still influences the amplitude recognition. In the process of signal-shaping, the preliminarily extracted
signal is decomposed into several IMFs and a residual component by the EMD method, as shown
in Figure 7c. Based on Equations (21)–(25), the IMF5 and the residual component are regarded as
low-frequency trend components and the IMF1 and IMF2 are treated as high-frequency interference.
After eliminating all the interference, the reconstructed signal can be obtained, as shown in Figure 7d.
It shows that the shaped particle signal has obvious sinusoidal characteristics.

308



Sensors 2019, 19, 3162

(a) (b) 

( ) 

( )

Figure 7. The simulation of the signal extraction process. (a) The raw signal of the sensor, (b)
the preliminarily extracted particle signal, (c) the decomposed particle signal, and (d) the shaped
particle signal.

To evaluate the validity of the proposed signal extraction and shaping method, the SNR values
of the raw signal, preliminarily extracted signal, and shaped signal are calculated and presented in
Table 1. The result illustrates that the SNR of the signal is greatly improved, which contributes to
boosting the particle detection effect of the sensor.

Table 1. The signal-to-noise ratio (SNR) of signals.

SNR of Raw Signal SNR of Preliminarily Extracted Signal SNR of Shaping Signal

–21.37 dB 3.71 dB 13.181 dB

2.4. Analysis of the Computational Cost and Performance of Methods

As wear particles are monitored in real time by an electromagnetic wear particle detector, the
computational efficiency of particle signal extraction algorithms and the correctness of detection
results are of important concern. Therefore, in this section, a comparative analysis, involving the
computational cost and extraction effect of particle signals incurred by the application of RSD-FC
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(resonance-based signal decomposition method and fractional calculus) [20], VMD-based method
(variational mode decomposition) [26–28], and EMD-RRC (empirical mode decomposition and reverse
reconstruction), is presented.

With respect to EMD and VMD, the algorithms decompose raw signals into several sub-signals
(modes). However, the implementation of VMD requires first performing a Hilbert transform which
involves an EMD process, so the VMD carries on a computational cost higher than the EMD. Besides
that, the VMD requires a predetermined number of decomposition level k, which greatly influences
its decomposition effect and computational efficiency [28]. Moreover, it’s difficult to adjust the value
of k for the optimal decomposition effect self-adaptively. The RSD-FC expresses a signal as the sum
of a ‘high-resonance’ component which generally represents the interferences and a ‘low-resonance’
component which characterizes the particle signal. To achieve this goal, a morphology component
analysis needs to be conducted, in which, an iterative optimization algorithm is utilized to update
the transform coefficient matrices [20], so the method requires extensive calculations. To evaluate
the computational efficiency, the preliminarily extracted particle signal with a sampling time of 1
s, extended from the data of Figure 7b, is processed using different algorithms running on a PC
(Intel(R) Core(TM) i7-4720HQ CPU, 2.60 GHz, 8 GB RAM, Windows 10 operating system). For
effective detection of wear particles with high speed, the sampling frequency is set to 3000 Hz. The
theoretical peak-to-peak value of the particle signal output by the sensor is 10 mV. The performance of
the algorithms is evaluated using the mean signal-to-noise ratio (MSNR), mean peak-to-peak value
(MPPV), and mean relative amplitude error (MRAE):

MRAE =
1
n

n∑
i=1

∣∣∣∣∣Ti −Mi

Ti

∣∣∣∣∣× 100% (30)

where, Ti and Mi represent respectively, the theoretical and measured peak-to-peak value of particle
signals, and n is the number of samples.

The extraction results of particle signals by RSD-FC, VDM-based method (k= 7), and the EMD-RRC
are demonstrated in Figure 8a–c, which shows that the residual interferences in preliminarily extracted
particle signals are removed to different degrees. The computational time and the performance of the
algorithms are displayed in Table 2. It can be seen that all the methods do improve the SNR of signals
to a certain degree and the MSNR of the extracted particle signals are higher than 10, which contributes
to the effective detection of micro-particles. Furthermore, among these methods, the computational
time of the RSD-FC is the longest and reaches to 1.9548 s, which is much larger than the sampling time
(1 s). Therefore, it is difficult to guarantee real-time performance of particle detection sensors. Besides
that, the correctness of the particle detection results is relatively poor. The MPPV and MRAE of particle
signals extracted by the RSD-FC are 9.26 mV and 7.4%, respectively. For the VMD-based method,
with the increase of the number of decomposition level k, the computational time rises accordingly.
Moreover, comprehensively considering the evaluation indicators, the VMD-based method with k = 7
performs best (MSNR = 13.357 dB, MPPV = 9.71 mV, and MRAE = 2.9%). However, in this case, the
computational time is 1.4942 s, which is also larger than the sampling time (1 s). While for the proposed
EMD-RRC method, the MPPV and the MRAE of signals are 9.68 mV and 3.2%, respectively. Although,
they are slightly lower than that of the VMD-based method with k = 7, the average computational
time is only about 0.83 s which is sufficient to process the data of 1 s long with 3000 samples in real
time. In summary, the proposed method is sufficiently fast for on-line application in terms of both
computational efficiency and detection quality.
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Figure 8. The extraction results of different algorithms applied on the preliminarily extracted signals.
(a) resonance-based signal decomposition method and fractional calculus (RSD-FC), (b) variational
mode decomposition (VMD)-based method with k = 7, (c) empirical mode decomposition and reverse
reconstruction (EMD-RCC).

Table 2. Computational times and the performance of different algorithms.

Algorithms MSNR (dB) MPPV (mV) MRAE Mean Computational Times (s)

RSD-FC 8.854 9.26 7.4% 1.9548
VMD-Based (k = 4) 10.347 9.27 7.3% 0.9368
VMD-Based (k = 5) 11.755 9.39 6.1% 1.1256
VMD-Based (k = 6) 12.982 9.54 4.6% 1.3573
VMD-Based (k = 7) 13.357 9.69 3.1% 1.4942
VMD-Based (k = 8) 12.793 9.60 4.0% 1.5783
VMD-Based (k = 9) 12.584 9.52 4.8% 1.7137

EMD-RRC 13.181 9.68 3.2% 0.8314

3. Experiment

3.1. Experimental System

To verify the improvement of the sensitivity and the detectability of the sensor contributed by
the resonance mechanism, the amorphous iron core, and the proposed signal measurement system,
the detection efficiencies of the conventional and proposed sensors for wear particles were tested.
The complete experimental system, as shown in Figure 9a, consists of the sensor, the excitation and
detection unit, which is used to supply the exciting signal and to extract the particle signal, and the data
collecting and processing software. The core parameters of the sensors adopted in the experiments
are listed in Table 3. Furthermore, some sphere-like iron particles with the diameters of 75, 120, and
150 μm are selected by the scanning electron microscope as target particles, as shown in Figure 9b.
The previous experimental research shows [29] that the lubricating oil does not affect the signal of the
sensor, so the sensitivity analysis experiments are conducted under an oil-less condition.
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(a) (b) 

Figure 9. Experimental system. (a) The particle detection system, (b) the selected iron particles.

Table 3. The core parameters of the sensors adopted in the experiments.

Parameters Conventional Sensor The Proposed Sensor

Inner diameter of the sensor 7 mm 7 mm
Width of the coils 2 mm 2 mm

Inner diameter of exciting coils 9 mm 9 mm
Number of turns of exciting coils Ne 127 127
Number of turns of exciting coils Ni 110 110

Inner diameter of inductive coil 11 mm 11 mm
Inner diameter of amorphous core - 9 mm
Outer diameter of amorphous core - 11 mm

Resonant exciting capacitance C1, C2 - 1.0 nF
Resonant inductive capacitance C3 - 0.63 nF

During the experiment, the measurement data shows that the initially induced electromotive
forces of the sensors are about E0 = 7.3× 10−4 sin(2π f0t) V and the Gaussian noise is very apparent.
In this case, the particle signal is totally submerged in the inference. Taking the proposed sensor
as an example, Figure 10 shows the raw signal of the sensor caused by a particle with the diameter
of 120 μm. Because the particle speed may influence the signal extraction effect to a certain degree,
particle detection experiments were conducted when the particle moved at the speed of 3 m/s, 5 m/s,
and 8 m/s, respectively. The preliminarily extracted particle signal and the shaped particle signal are
shown in Figure 11a,b, respectively. The results indicate that for the preliminarily extracted signals, a
better detection is achieved at a higher particle speed. Moreover, after the signal shaping, the residual
interference is further removed and the signals of the particle with different speeds can be effectively
extracted. The SNR and peak-to-peak values of the particle signals are listed in Table 4, which shows
that the proposed particle signal extraction method can greatly enhance the SNR of the particle signals
and benefit the detection of micro wear particles. In addition, the peak-to-peak values of the signals
are approximately consistent, which means that the signal measurement system has high fidelity.

 

Figure 10. The raw signal of the proposed sensor.
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(a) (b) 

Figure 11. The signal of particles with different speeds. (a) The preliminarily extracted particle signals
and (b) the shaped particle signals.

Table 4. The signal-to-noise ratio (SNR) of real signals.

Particle Speed
(m/s)

SNR (dB)
Peak-To-Peak Value

(mV)Raw Signal
Preliminarily

Extracted Signal
Shaping Signal

3 –14.318 9.341 12.933 9.62
5 –15.541 10.366 17.609 9.58
8 –19.917 11.625 15.173 9.55

3.2. Sensitivity Comparison for Ferromagnetic Particle Detection

To illustrate the sensitivity improvement by the proposed methods, both the conventional sensor,
as shown in Figure 2a, and the proposed sensor, as shown in Figure 2b, were tested. Figure 12 shows
the output signal of the sensors caused by the different sizes of ferromagnetic particles. In the figure,
the green curve illustrates the signal output by the conventional sensor, and the orange curve represents
the output signal of the proposed sensor, which adopts a resonance principle and an amorphous iron
core. It can be seen that, for the conventional sensor, it is difficult to effectively detect iron particles less
than 100 μm in diameter and the peak value of the induced electromotive force caused by a 100 μm
iron particle is only 0.59 mV. However, for the proposed sensor, the signal amplitude of the particle
with the diameter of 75 μm reaches 2.6 mV, which is much greater than that of the conventional sensor.

A comparison analysis of the detection result of the conventional sensor and the proposed sensor
with various resonant capacitances is presented in Figure 13. It can be seen that the particle signal
output by the proposed sensor is much larger than that of the traditional one, and with the decrease
of the exciting capacitance, the sensitivity of the sensor gradually increases. The amplitude of the
signal caused by a 75 μm iron particle, when the exciting capacitance equals 1 nF, is 2.6 mV, which is
much greater than that under the circumstance of C1 = C2 = 5 nF (1.06 mV), and the increasing trend
tends to be more evident for larger particles. However, excessive reduction of the resonant capacitance
leads to a stronger eddy current effect in ferromagnetic particles and increases the current through
the exciting coil rapidly, which may weaken the detectability for ferromagnetic particles and greatly
reduce the reliability of the sensor. Therefore, a 1 nF resonance capacitance for the exciting coil is finally
used for ferromagnetic particle detection.
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(a) (b) 

 
(c) 

Figure 12. The particle signal output by the sensors. (a) 75 μm, (b) 120 μm, (c) 150 μm.

Figure 13. The comparison analysis of sensor sensitivity.

3.3. Wear Monitoring in a Real Oil Environment

To verify the detection effect of the sensor in a real oil environment, the sensor was assembled
in the lubrication system with large ferromagnetic wear particles, comprised of 20 particles with a
diameter of 80–100 μm, 20 particles with a diameter of 120–150 μm, and 20 particles with a diameter of
150–180 μm. These particles were added into the oil to simulate a serious wear fault of the mechanical
equipment. The lubricating oil, including the wear particles, were driven by a pump and cycles
through the sensor 20 times. By monitoring the wear particles using the sensor, the size distribution
and the number of wear particles were estimated. The statistical result is displayed in Figure 14, which
shows that the number of detected wear particles greater than 100 μm in diameter is approximately
consistent with the standard value (400). However, the number of iron particles smaller than 100 μm
in diameter is slightly more than the standard value. The possible reason for this phenomenon is that
some parts of the larger wear particles may stick to the inner surface of the pipeline or be ground
down to smaller particles by the blades of the pump during its running process. Therefore, based on
the experimental result in a real oil environment, it can be concluded that the sensor can effectively
monitor the quantity of the wear particles with different sizes, which helps to estimate the wear state
of the mechanical equipment and to prevent mechanical failure caused by serious wear.
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Figure 14. The statistical distribution of the wear particles.

4. Conclusions

The electromagnetic particles’ detection sensor is of great importance due to its prospective
application in various fields, and the sensitivity and detectability are still major obstacles in the
development of wear particle detectors. Therefore, this paper has proposed that the resonance principle,
an amorphous iron core, and a new signal measurement system are adopted to comprehensively
improve the sensor sensitivity and detectability. Based on the work, the following conclusions
are obtained:

(1) For the three-coil wear particle detector, the parallel resonant exciting coil magnifies the impedance
difference between exciting circuits caused by particles. Additionally, the amorphous iron core
and the series resonant inductive coil increase the magnetic flux through the coil and enhance the
induced electromagnetic force of the sensor, which can comprehensively improve the particle
signal more than six times compared to the conventional sensor.

(2) Under the resonance state, the nonlinear characteristics of the impedance difference between
exciting circuits of the proposed sensor mean that the effective particle detection range of the
sensor is restricted to (0,ra

′).
(3) Decreasing the resonant capacitance and increasing the exciting frequency can further improve

the detection ability for micro-particles, though this reduces the effective particle detection range
of sensors.

(4) By comparing different algorithms, the signal measurement system based on the MLIA and
EMD-RRC guarantees the real-time ability for online particle detection and can effectively
extract the particle signals from the raw signal with an extremely low SNR (≈−20 dB). The
experimental results indicate that based on the proposed method of improving the sensitivity and
detectability, the large-calibre (7 mm) sensor can effectively monitor the initial abnormal wear of
the heavy machines.
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Abstract: The satellite compass is one of new variants of satellite navigational devices. Is it still
treated with caution on International Convention for the Safety of Life at Sea (SOLAS) vessels,
but has become popular on the fishing vessels and pleasure crafts. The standard data obtained
by such devices suggest accuracy of satellite compasses at a level of about 1 degree, so it seems to
be as accurate as gyro or the magnetic equivalent. A changeability of heading errors, especially
its frequency spectrum, is analyzed and presented in the paper. The results of comparison of an
onboard standard gyrocompass, a fiber-optic gyrocompass (FOG) and a satellite compass in real
shipping circumstances have been discussed based on the available literature and previous research.
The similar comportment of these compasses are confirmed, however, in real circumstances it is
difficult to separate heading oscillations produced by the ships yaw (or helmsman abilities) from the
oscillations of the compass. Analysis of the heading oscillations has been performed based on the
measurements of the heading indications of stationary compass devices and the devices mounted on
the vehicles moving on the straight line (straight part of a road and tram line) to separate the impact
of the vessel steering system. Results of heading changeability in the frequency domain are presented
based on the Fourier transform theory.

Keywords: satellite compass; accuracy; spectrum analysis; Fourier transform

1. Introduction

It is impossible to navigate a vessel without any directional reference. All movements, no matter
for people or for vehicles, in environments such as desserts, seas or air, require direction indicators.
The contemporary ship is equipped with a magnetic compass and a gyrocompass as indispensable
devices. This refers to all the open-sea ships which must be equipped in compliance with the
International Convention for the Safety of Life at Sea (SOLAS). Toward the end of the 20th century,
satellite compasses began to trace in a completely new way [1,2] in the form of a specific version of
a multiantenna GNSS receiver with the additional option to determine a ship’s heading. The most
popular is the two-antenna solution, which gives an opportunity to measure two angles: heading and
pitch or heading and roll, depending on how it is installed in relation to the centerline of the ship.
Three-antenna solutions are also accessible. They allow measuring the full information of the ship’s
orientation in the space. According to Sperry Marine [3], one of the manufacturers of such devices, it has
been designed as a low-cost alternative to conventional spinning-mass and fiber-optic gyrocompasses
for application on workboats, commercial fishing vessels, large private yachts, naval patrol boats,
and small merchant ships, which are not required to carry a gyrocompass.

The origin of this devices can be found in Very Long Base Interferometry (VLBI)—a radio
-astronomical method in which space sources of electromagnetic signals (usually quasar) are collected
by multiple radio telescopes distributed on the Earth [4]. On this basis, by means of correlation of
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random-type noise registered in the same time in different places (global network), distances between
telescopes can be calculated. In the 1960s and 1970s, it was a very efficient method in geodesy,
geodynamics etc. on a global scale.

Signals from satellites can be treated in the same manner. A correlation between signals received
by an array of antennas, distributed in a specific way, give us an opportunity to calculate direction on
the source of the signal (satellite) when the structure of this signals is known. In the case of a Global
Positioning System (GPS) satellite, we are working with a 19 cm long electromagnetic wave, so the
distribution of receiving antennas can be of around 1 m. By using two receiving systems and utilizing
the carrier wave of GPS signals, we are in fact using (RTK) Real Time Kinematic GPS technology. In the
simplest version, the two antennas, namely, base (primary) and rover (secondary), are situated along
one of the axis of the ship. In the classical version of RTK, the coordinates of the primary antenna
should be known; then, a spatial vector between both antennas can be calculated. As we are not
interested in very accurate measurements of the antennas’ positions and the base distance between
both antennas is known (due to the fact that a base line between the two antennas is constant and
situated in a constant position referring to the hull of the ship), the distances between each antenna
and satellite enables us to determine the angles in two axes (Figure 1, axes X and Z).

 

Figure 1. The idea of the use of two antennas to determine the heading of the ship [1].

Such ideas appeared at the end of the 20th century. The numerous publications of Calgary
authors, including [5–8], are particularly noteworthy. Before the manufacturers proposed such devices,
many researchers used them as reference systems for compass testing, for example [9,10]

Proposals for using the GPS system-derived devices to determine the angles of the spatial
orientation of the object, using multiple antennas, appeared earlier. Anthony Evans is the author of
significant achievements in this area by using the GPS system to determine ship orientation in the
1980s [11]. He proposed a method of measuring orientation angles through a single antenna that
cyclically rotates inside the aircraft fuselage. In 1988, he began experimenting with an 18-channel
receiver that used a system of three antennas spaced from 40 cm to 60 cm apart. This satellite compass
precursor was tested under a marine conditions on the “USS Yorktown” to determine an accuracy
during movement [12]. Parameters such as the duration of system initialization, maintaining its
continuity and required accuracy in a real time in a dynamic environment, were examined at the
beginning of satellite compasses development. Confirmation of the hypothesis was obtained that
multi-antenna GPS receivers, in addition to the positioning ability, are able to determine reliable
data regarding a ship’s spatial orientation. Another example is the proposal contained in the patent
of 1998 [13]. The authors proposed a compass, which determines its spatial orientation based on
a construction with two antennas rotated by a stepper motor until a phase equalization of both
antennas occurs.

The first devices available to wider users were introduced in the 1990s. In 1991, Ashtech launched
the first multi-antenna GPS receiver: 3DF. Using this system, it was possible to determine the heading,
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longitudinal and transverse tilt, as well as the position, using a system consisting of four antennas,
one of which served as the base antenna, and three others were supporting the base. Each antenna
cooperated with a separate receiver. All of them, using signals from at least four different satellites
simultaneously, by measuring the difference in phase, determined the orientation of the antenna assembly
in three-dimensional space. The research was continued by scientists from the University of Calgary,
who in 1994 conducted tests on the Canadian research ship, “Endeavor”. Four GPS antennas were
mounted on the vessel’s helipad. The purpose of the tests was to compare the indications of this system
with the Sperry Mark 3 Model C gyro compass available on the vessel [14,15]. Other analyses related to
this subject, especially over the optimal configuration of antennas, have also been published in [5,16].

In 1994, Trimble introduced a four-antenna system called TANS Vector [17]. The system performance
was based on phase measurements between one of the antennas (main, base) and each of the others,
which were treated as slave antennas.

2. Materials and Methods

2.1. Background

Despite many tests confirming the usefulness of multi-antenna GNSS receivers for measurements
related to spatial orientation, devices that met the criteria specified in international conventions
have been developed no earlier than in 2005. Large errors appeared periodically in all the previous
constructions, which were related to the changing satellite constellation parameters. An example of
such measurements, taken in 2004 with the Crescent compass installed on the roof of the building is
shown in Figure 2.

Figure 2. Heading measured with a satellite compass during stationary measurements [2].

The MX 575 compass, which as the first receiver of a certificate allowing it to be used as a heading
transmitting devices, was introduced in 2005. It could be used as a backup source of heading information
in IMO-compliant (International Maritime Organisation) vessels. One of the important solutions
was the use of the MEMS-type (Microelectronic Mechanised System) gyroscope, which stabilizes the
indications when “raw” measurements in the radio domain turn out to be temporarily inaccurate.
Modern constructions often have a triad of gyroscopes and accelerometers. They are integrated systems,
able to continue working for several minutes even in the event of satellite signals disappearance.
The dynamic properties of such devices largely depend on the details of an algorithm used for the
calculation and filtering of signals. The traditional gyro-compass has an electromechanical sensor,
whose center of gravity is shifted relative to the geometric center, and thus behaves like a pendulum
oscillating with a period of about 84 min (Schuler period, Schuler tuning). Maximilian Schuler made
a proposal in 1923 that gyro compasses lend themselves to particularly successful tuning when the
curvature of the Earth is taken into consideration. In this way, the instruments can be made insensitive
to the disturbances that are caused by the result of the accelerations of the carriers along the surface of
the Earth. According to this requirement, the instruments have to be tuned to an oscillation period
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of 84.3 min. Thus, the classical gyrocompass has its own fluctuation with a long period. There are
no kinematic problems in satellite compasses, however, the results depend on changes in the satellite
constellation and the properties of the measurement-processing algorithm. This is an issue addressed
by the authors of this article. Manufacturers commonly describe the quality of such devices by declaring
their accuracy based on an average square error or using similar methods. The assumption of white
noise may not be true. Dynamic errors are caused by dynamic factors affecting the system, such as
vibrations, roll, pitch or linear acceleration. According to [3] ‘this error may have an amplitude and
frequency related to the environmental influences and the parameters of the system itself’. However,
for implementation in more complex measuring systems, when the fundamental issue is the selection
of devices with different error characteristics, the question regarding the error frequency spectrum
is important. The basic principle of integrating devices that perform similar functions is to vary the
output error rate.

There are two main types of satellite compasses available on the market now: dual-antennas and
tri-antennas. The most popular are dual-antenna constructions, which give the opportunity to measure
two angles in transverse directions to the base between two antennas (pitch or roll in addition to
heading). Designs with three antennas give the opportunity to measure all three angles of orientation of
the carrier. Besides the number of antennas, there are devices with a constant distribution of antennas
and movable antennas, so the distance between them can be changed by the owner or by the fitter.
Additional sensors, commonly made in MEMS technology, are used to stabilize angular measurements.
In addition to gyroscopes, these devices are often equipped with accelerometers. These are extremely
useful for measuring the heave, which is thought to be important on small hydrographic units. In more
extensive systems, there is also an option to include information from magnetic sensors or (and) a
barometric measuring element. Possible block-diagram of a standard satellite compass was depicted
in Figure 3.

Figure 3. Possible block-diagram of a standard satellite compass. (Source: A.Felski).

Studies published in [18] proved that a satellite compass behaves similarly to a standard gyro or
fiber-optic gyro (FOG) on a ship in motion. In the Figure 4 a small, systematic shift of measurements
from individual devices can be noticed, however, this is due to inaccuracies in the installation of the
satellite compass and FOG for the time of experiments. In general, all compasses seem to show almost
the same values, and visible oscillations are probably due to imperfections in the control system and
inertia of the ship. The existence of a very low frequency (Schuler tuning) characteristic of a classic
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gyro compass (NAVIGAT X) is noticeable. The most changes in the heading presented in the image
occur due the behavior of the ship, so they are very similar to each other.

Figure 4. Example of registered headings from a classic gyrocompass (NAVIGAT X) fiber-optic gyro
(NAVIGAT FOG 3000) and satellite compass FURUNO SC50 [18].

The spectral analysis of these measurements proves that low-frequency oscillations dominate,
and one can also distinguish oscillations common to all three compasses, i.e., yaw resulting from the
characteristics of the ships movement (0.01 Hz).

On the other hand, various frequency bands are not clearly repeated in registrations made with
individual compasses. For example, significant differences occur at around 0.008 Hz for the satellite
compass (as shown in Figure 5).

Figure 5. Single-side amplitude spectrum of oscillations presented in Figure 4 [18].

2.2. Devices

The satellite compasses of three different manufacturers were used in the experiments presented
in this paper. These are Novatel PwrPak7D, the Advanced Navigation GNSS compass in a low-cost
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variant and Furuno SC-50. Basic parameters, based on specifications provided by manufacturers,
are presented in Table 1.

Table 1. Basic technical parameters of the three compared satellite compasses used in the experiments [19–21].

No. Feature
Novatel

PwrPak7D-E1
Advanced
Navigation

Furuno SC-50

1. Position accuracy 0.6 m (DGNSS) 2.0 m or 0.6 m—
(DGNSS)

3–10 m (depending
on corrections)

2. Velocity accuracy 0.03 m/s 0.05 m/s no data

3. Roll and
pitch accuracy no data 0.4◦ no data

4. Heading accuracy 0.1◦
(for 2 m base length)

0.2◦
(base length 620 mm)

0.5◦ RMS
(base length
430.3 mm)

5. Heave accuracy no data 5% or 0.05 m
(whichever is greater) no data

6. Output data rate Up to 100Hz Up to 100 Hz Up to 40 Hz

7. Base length adjustable permanent
620 mm

permanent
430.4 mm

8. Supported
navigation systems

GPS
L1, L2

GPS L1
SBAS

GALILEO E1
BeiDou B1

GPS L1

Where: (GPS) Global Position System, (SBAS) Satellite Based Augmentation System, L1, L2—frequency of GPS,
(RMS) Root Mean Square, DGNSS - Differential Global Navigation Satellite System.

Novatel PwrPak7D-E1 is a robust GNSS receiver that combines dual antenna signal and (INS)—
inertial navigation system hardware in a single enclosure to provide easy-to-deploy industry-leading
position and heading data. In this experiments, two G5Ant-4AT1 models made by Antcom were used.
According to the manufacturers, the device is suitable for ground vehicle, marine and air-based systems.
Its software takes into account SPAN (synchronous position, attitude and navigation) technology based
on GNSS+INS sensors as well as ALIGN software for angular determinations. It uses an OEM7720
receiver card and Epson G320N MEMS (IMU)—inertial measurement unit.

Advanced Navigation is a compact, low weight device, designed for marine and automotive
applications, including small-size vehicles. It contains a 9 axis IMU that is integrated with a dual
antenna GNSS receiver. Antennas are placed inside a 672 mm enclosure, together with all the signal
processing electronic components. This seems to be around 3.25 lengths of the L1 wave of distance
between the centers of the antennas. The core of this device is composed of two u-blox M8T GPS
modules. The incorporation of all the processing components into the antennas enclosure makes it
easy to integrate it even in restricted space conditions. Data are sent through the serial cable or via the
(NMEA) National Marine Electronics Association 2000 network. The device is certified to be used on
commercial vessels.

Furuno SC-50 is a popular satellite compass for commercial shipping. The large size of its
processing unit qualifies it specifically for use on vessels. With its three-fold antenna, it can be useful
for surveying ships. Clear display is designed for installation on the vessel’s bridge, although data or
data recorders can be sent to other devices using the standard marine format, NMEA 0183, or NMEA
2000 with the proper converters. The SC-303 antenna unit applied in tests consists of three antennas in
one robust housing with a 650 mm diameter and a distance between the centers of the antennas of
430 mm. This is about 2.25 of the L1 wave length.
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In summary, three different GPS receivers with different antennas and different distances between
them, as well as different algorithms for angular calculations, were tested. The data were acquired
with a data recording rate of 1 Hz.

2.3. Conducted Experiments

In this paper, two kinds of experiments are reported: stationary and dynamic. During the stationary
part of experiments, all the antennas were situated on a building roof or bench in a suburban area.
The second part of tests was conducted using an automotive vehicle driven directly out of the urban area;
however, the horizon was partially by trees. In addition, we used the part of our previous experiments
conducted in Gdańsk on tramway routes and published in [22] when the surprisingly low accuracy
of the Furuno compass was observed. We intended to verify how significant the influence of the
surroundings was on the observed errors in that investigation.

2.3.1. Twenty-Four-Hour Stationary Measurement Experiment

The stationary experiment results displayed the typical characteristics of this type of test. It was
performed from 27 April 1300 UTC to 28 April 1200 UTC, 2020 in the suburban area of Gdynia,
Poland, in the vicinity of a wall of a one-story building, partially obscuring the sky from the north side.
The compasses’ antennas were placed 4 m above the ground (Figure 6b). Data were recorded using
the NMEA 0183 protocol through the RS-232 and RS-422 serial ports. The satellite constellation was
assessed before data registration and the cut off angle of 20 degrees was applied. GPS satellite elevation
during the test is presented in Figure 7 and their visibility is presented in Figure 8. The Advanced
Navigation compass was set to the stationary variant of measurements. The following settings were
applied for Furuno SC50: sampling frequency, 1 Hz; position smooth, 5 s; (SOG) speed over ground
smooth, 5 s. A sampling frequency of 1Hz was set for the Novatel compass.

 

(a) 

 

(b) 

Figure 6. Experimental setup: (a) on a car roof for the automotive tests; (b) on a house roof for the
stationary sets. Photo: K. Zwolak.

Figure 7. GPS satellite elevations during the experiment on 27–28 April 2020. (Source: Trimble Planning
2.9, 2010).
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(a) 

 
(b) 

Figure 8. Visibility of satellites (a) and dilution of precision coefficients (b) in the measurement
area on 27–28 April 2020. Notes: Visibility (a): red—4 satellites, brown—5 satellites, yellow—6
satellites, dark green—7 satellites, light green—8 satellites, blue—9 satellites. DOP (Dilution of
Precision (b): red—geometrical DOP, green—position DOP, blue—vertical DOP, brown—horizontal
DOP, magenta—time DOP. (Source: Trimble Planning 2.9, 2010).

It must be emphasized that the heading determination needs signals from at least five satellites,
in contrast to the position determination, which requires four. Only four satellites have been available
twice during the data registration (this occurred at about 0300 UTC and 0600 UTC on 28 April).
The largest distortions between real time and average heading value in this test were observed for the
FURUNO SC50 compass (Figure 9b). The maximum heading distortion for this compass is 2.8 degrees.
The offset values fluctuated between −2.0 and +2.8 degrees. Similar results were observed for the
Advanced Navigation compass with heading distortion values in the range of −2.2 to +2.7 degrees
(Figure 9a). The lowest values of the exchange rate distortion registered for the NOVATEL PWRPAK
7D-E1 compass, however, during the tests, its antennas were 1.2 m apart, which is twice the distance of
the other two cases. The heading distortion in this case varied from −0.7 to +0.8 degrees (Figure 9c).

 
(a) 

 
(b) (c) 

Figure 9. The example subsets of stationary heading registrations by the Advanced Navigation compass
(a), the Furuno compass (b) and the Novatel compass (c) (27, 28 April 2020).

The root mean square of the heading distortion for the Furuno compass is 0.6 degrees, for Advance
Navigation is 0.4 degrees and for Novatel is 0.2 degrees.
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In order to perform the spectrum analysis of the signal in the frequency domain, the presentation
of the frequency band in the range above f = 0.1 Hz was abandoned due to the negligible variability of
the signal amplitude—heading distortion, which is typical for stationary measurements. Stationary
registration results are very similar for all three compasses, characterized by a very low frequency of
heading changes, falling in the band lower than 0.02 Hz. However, the amplitudes of these changes
vary. The maximum value for the Furuno compass was 0.21 degrees, for Advanced Navigation
0.19 degrees, and for the Novatel product, it was only 0.08 degrees. Undoubtedly, this is due to the
length of the base line between antennas, but it can be assumed that this is also the result of the different
method of filtration or azimuth calculation. Heading registration spectrum for the three compasses are
shown in the Figure 10.

 
(a) 

 
(b) (c) 

Figure 10. Heading registration spectrum for the three compasses: (a) Advanced Navigation, (b) Furuno,
(c) Novatel. Stationary experiment, 27, 28 April 2020.

2.3.2. Automotive Experiments

The analysis of heading oscillations in compass indications in stationary conditions were performed
based on calculating distortions from the average value. In this case, the direction of the compass
does not matter. In dynamic conditions, the reference direction is needed. Therefore, the tests were
conducted in such conditions that the direction of movement of the object was known and determined
by natural conditions, i.e., on a straight sections of road or tram track. Knowing the heading of the
vehicle during movement, the distortions of individual readings and the oscillations were calculated,
treated as corrected measurements, and analyzed using a Fourier analysis. Matlab scripts were written
to perform the analysis.

Automotive experiments, with the antennas mounted on the roof of the car, were carried out on a
straight section of a rural road with a length of 1550 m and a direction of 342/162 degrees. There are
single tall trees in the central part of the test section, along the road, and from the east side, which can
occasionally cause interference. This is visible in the Figure 11 in the form of a break in position data
registration due to incidental obstruction of the satellite signal. Such a gap is a result of a specific
configuration of the satellites during this test. During other tests, similar gaps occurred in other places.
Unfortunately, it was not possible to guarantee a repetitive configuration of the satellites, however,
these records can be treated as examples of how important and diverse the impact of obstructions
on the work of such compasses can be. The devices have options to adjust to the vehicle movement,
that is, the Novatel compass has “sampling frequency: 1 Hz” and Furuno has “position smooth, 1 s;
SOG smooth, 1 s; sampling frequency, 1 Hz”. In addition, it is worth noting that the compasses
have advanced inertial systems for the stabilization of readings, but this did not ensure the complete
elimination of rapid changes at the time of appearance of another configuration of the satellites received
by the device due to the appearance of obstructions.
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Figure 11. Positions recorded during the road test with the gap in data registration visible on the
map view.

Measurements were carried out at speeds of 10, 20 and 30 km/h. Raw heading records for the
compasses used in this part of the experiment are presented in Figure 12 for the Furuno compass and
Figure 13 for the Novatel compass.

 
(a) 

 
(b) (c) 

Figure 12. Raw heading records for the Furuno compass for the speeds of 10 km/h (a), 20 km/h (b) and
30 km/h (c).

 
(a) 

 
(b) (c) 

Figure 13. Raw heading records for the Novatel compass for the speeds of 10 km/h (a), 20 km/h (b) and
30 km/h (c).
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The frequency spectrum of the signals presented above are plotted in Figures 14 and 15.

 
(a) 

 
(b) (c) 

Figure 14. Frequency spectrum for the Furuno compass raw heading records in Figure 12 for the speeds
of 10 km/h (a), 20 km/h (b) and 30 km/h (c).

 
(a) 

 
(b) (c) 

Figure 15. Frequency spectrum for the Novatel compass raw heading records in Figure 12 for the
speeds of 10 km/h (a), 20 km/h (b) and 30 km/h (c).

In the context of a reaction to rapid changes in the satellite constellation, there is also a question
regarding the impact on the stability of compass indications based on inertial sensors that are able to
support the work of the radio (satellite) segment [23]. An example of the behavior of the Advanced
Navigation compass in the case of complete obscuring of satellite signals (667 s after the start of
registration) is shown in Figure 16. A clear drift of values is observed, which was similar in other tests,
although the directions of the drift were different. After approximately 100 s, no information about the
heading was reported by the device.

2.3.3. Tests on Tram Rails

The tram experiment was performed on 28 November 2018 along the route indicated in Figure 17
with the use FURUNO SC50 only. The experiment was conducted in Gdansk on a several-kilometer
tram rail with variable sky visibility conditions, with the aim of assessing the performance (accuracy)
of the satellite compass operation in non-standard terrain conditions. The measuring instrument used
in the experiment was placed on a trolley of the DWF 300 series tram and pulled behind a tram [22]
above the tram rails axis. The task of this measurements was more complex, and we now use only a
small part of this registration made on the rail part, characterized by a constant direction (Figure 17).
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Figure 16. Raw heading value results during the stationary test with the Advance Navigation
compass used as an example. The orange line denotes the satellite signals in the moment of being
completely obscured.

Figure 17. Position registration of the tram from 23:06:25 (UTC) - Universal Time Coordinated to
23:07:25 UTC.

For this analysis, it is important that the tram route ran through an urbanized area and some
sky obstructions were observed during the registration. The GPS satellite elevations are presented in
Figure 18.
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Figure 18. GPS satellite elevations on 28, 29 November 2018. (Source: Trimble Planning 2.9, 2010).

The satellite compass requires a signal from at least five satellites for each antenna to determine
vehicle heading. Based on Figure 19, it can be seen that a condition of a visibility of at least five
satellites to quantify the heading of the vehicle with the arbitrarily assumption of the elevation cut-off
at 20 degrees has been met during the experiment.

Figure 19. GPS satellite visibility on 28, 29 November 2018. (Source: Trimble Planning 2.9, 2010).

The presented test was started at 2200 UTC with the visibility of six GPS satellites (Figure 19).
The problem occurred when the number of visible satellites was reduced to four (from 0230 UTC to
0300 UTC on 29 November 2018). Based on the data registered from 22:59:27 UTC on 28 November 2018
to 03:26:41 UTC on 29 November 2018, the parts of the straight tram rail section have been chosen.
Data have been recorded from the 419th second to 479th second of the run, which is from 23:06:25
to 23:07:25, from the position (LAT) Latitude: 54.386780◦ N, (LON) Longitude: 018.591723◦ E to the
position LAT: 54.383415◦ N, LON: 18.5968183◦ E. Heading oscillations for a vehicle on tram rails were
observed in the range of −0.8. to + 0.5 degrees. The values of the heading distortions and the frequency
spectrum of the heading record changes are presented in Figure 20.

 
(a) (b) 

Figure 20. (a) Heading distortions. (b) Frequency spectrum of the heading records. Heading distortions and
the frequency spectrum of the heading records from 23:06:25 to 23:07:25, from the position LAT: 54.386780◦N,
LON: 018.591723◦ E to the position LAT: 54.383415◦ N, LON: 18.5968183◦ E. (Source: K. Jaskólski).
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The heading distortion analysis in the time domain in Figure 20a confirms the declared accuracy of
the device indications in accordance with the technical specification of the device, which is 0.51 degrees
(RMS)—Root Mean Square error. The spectrum analysis of the signal in the frequency domain
in Figure 20b differs from that recorded during the stationary tests because oscillations appear at
frequencies higher than 0.02 Hz. The maximum amplitude is slightly higher than that during the
stationary record.

Another example of a registration on tram rails is shown in Figure 21 and research scores with a
few course deviations are shown in Figure 22. In the heading record, there are four observed significant
distortions from the track direction, which result from sky obstructions caused by high buildings in the
vicinity of rails. The spectrum of this record differs significantly from others, which is undoubtedly
caused by these four clearly distorted parts.

Figure 21. Position registration of the tram from 00:25:17 UTC to 00:30:37 UTC.

 
(a) (b) 

Figure 22. Heading distortions from 00:25:17 UTC to 00:30:37 UTC (a) and a frequency spectrum of
heading changes (b).

3. Results

Studies have confirmed the different accuracies of the devices used in the experiment. It can
be assumed that compasses with a fixed antenna system (Furuno and Advanced Navigation),
built primarily for seagoing vessels, have an RMS error of approximately 0.5 degrees. The Novatel
compass with adjustable distance between the antennas was observed to have higher accuracy, but this
is obvious due to the fact that a longer antenna base line (over 1 meter) has been used.

It was confirmed that changes in the constellation of satellites accepted for the solution are the
reason for the oscillations occurring in heading registrations. Typical frequencies appearing in the error
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spectrum are very low, but less than 0.02 Hz for objects in movement. These oscillations are caused
by changes in the set of tracked satellites and the satellites included in the calculations. For moving
objects, oscillations occur due to changes in the orientation of the vehicle, as well as unpredictable
changes occurring as a result of obstructing the satellites by obstacles in the environment.

4. Discussion

The motivation to conduct the research was the authors’ experience, published in [18], and especially
the results described in the paper [22], in which the results of Furuno compass errors turned out to be
surprisingly high. In this paper, the authors were interested in a solution that would be potentially
useful on a small floating object used for hydrographic measurements. The issue of the accuracy of the
position determined by such a device was purposely not analyzed here, because today it seems to be a
trivial issue and comes down to the choice of support service (augmentation) of the GNSS system.
This text focuses on the issue of accuracy of the heading, based on the knowledge that the accuracy of
the heading measured with each type of compass has different dynamic characteristics. An assessment
of a measurement of heading uncertainty on a moving object requires taking into account changes in
object orientation angles, because the readings will include both this information and the inaccuracy of
the compass or any other gauges. For this reason, three different compasses were tested during static
and dynamic experiments. Dynamic experiments, with heading reference data included, were carried
out at different speeds on straight sections of tram rails and on straight sections of a roads.

The results of stationary experiments confirm the clear relationship between the antenna base line
length (distance between antennas) and heading accuracy. Analyzing the compass documentation,
this relationship can be presented in a form of a curve, presented in Figure 23. The curve presented
here is obtained by interpolating the sparse data regarding the Novatel compass with the quadratic
function. The red square represents the manufacturer’s information regarding the Furuno compass,
which is consistent with data on Novatel. However, Advance Navigation data deviate from this
relationship. The results of stationary tests confirm the declarations of the Novatel and Furuno
compass manufacturers, although the Advance Navigation compass tests showed an error of twice the
value—0.4 degrees.

Figure 23. Theoretical relationship between the heading accuracy and the base line length between
antennas, based on the Novatel data published in the device documentation (black curve). Declared
accuracy of the Furuno compass as a function of baseline (red square) and of the Advanced Navigation
compass (green triangle).
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For dynamic applications, knowledge of the error spectrum is extremely important. This spectrum
is characterized by the dominance of very low frequencies, which is understandable with the use of
filtration and inertial sensor support. One can clearly indicate the 0.02 Hz value as the upper limit
of these oscillations for all tested compasses. However, in dynamic conditions, higher frequencies
appear, which result from slight changes in the orientation of the object during movement. In addition,
there are also harmonics, which are in fact the results of rapid deviations of results from previous
values. The reason is that despite the solutions using inertial sensors and filtration, these compasses are
still sensitive to changes in the temporary constellation of satellites used for calculations. Even during
the stationary tests, one can easily identify the relationship between changes in indicated heading
values and changes in the satellite constellation. This statement is confirmed by the analysis of the
devices’ behavior at the time of signal obstructions. It is always associated with a sharp change in the
value at the compass output, although the natural change in the set of satellites seems to have less
effect on the results than the short-term screening of one or two satellites, which disappear after a
few seconds.

The suppositions that appeared in relation to the results presented in [22], that the accuracy of
the entire population of the recorded results do not reflect the whole truth regarding the compass,
were also confirmed. It is necessary to take into account the effects of appearing obstructions, and the
user should be aware of the effects of the nearby obstructions of the operation of the satellite compass.

The mentioned jumps in the heading measurement for a particular compass cannot be clearly
determined with regards to time and amplitude. These changes, although similar and occurring
almost at the same time in different compasses, are not identical. Sometimes they are slightly shifted in
time for different compasses, relative to the change in constellation. This is clearly seen in Figure 9,
where synchronous registrations made in the same place are shown, and sharp changes occur at
different times. For example, after 1700 and just before 2200, the sharp changes can be observed in all
three registrations at almost the same moments, but their amplitudes differ. There is no rule that one
particular compass always shows larger changes. These changes can be considered as a typical filtration
effect used in the integrated system. This kind of effect also appears in the coordinate indications
referred to by the GNSS receiver, which is a separate element of the tested device. However, the code
principle of a position measurement results in fundamental differences from the phase principle of
angle measurement. Therefore, during measurements, especially in motion, there were several cases
observed in which the heading indications were less accurate or even incorrect, while the coordinate
values were correct. Such cases occur when, due to the presence of the obstructions, the configuration
of the satellites has decreased to four, while setting the heading requires observation of signals from
five satellites. Practitioners using such devices should pay attention to this fact. It is common to
observe the values of DOP and (HDOP) – Horizontal Dilution of Precision as indicators of the quality
of the receiver’s work, while this refers to the position and is not true in relation to the heading
(Figures 8 and 9). It seems that for applications, such as hydrographic vessels, it would be advisable to
propose a new indicator to facilitate the control of heading information quality in satellite compasses.

5. Conclusions

Satellite compasses have been known for about 20 years and certainly now they can be treated as
well-developed solutions. They are becoming increasingly popular in a wide range of applications,
including shipping and aviation. They are particularly attractive in controlling self-propelled robots
and machines. Their small size and light weight make them very attractive for small autonomous
vehicles, except for underwater devices.

At the same time, it is obvious that, like any technical solution, satellite compasses have some
limitations. The key is the dependence on satellite signals, which, in the case of the occurrence of
terrain obstructions, becomes a significant limitation on land or in inland waters, where the near-shore
objects often obstruct satellites. This aspect, however, also appeared recently in the context of potential
interference with GNSS signals or spoofing. The literature and media report many cases of interference
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with satellite signals, even in the sea and in the air. This leads to the question of the legitimacy of the
full dependency of navigation systems only on a satellite compass in terms of heading. This aspect
is particularly important in the context of planned offshore autonomous vessels, where the risk of
interference with satellite signals can cause many complications, not only in the context of the position,
but also the heading and effective satellite communication.

When assessing the accuracy of satellite compasses, it should be noted that for several years,
they have been constructed as systems supported by inertial sensors (gyroscopes and accelerometers),
and now also by other sensors, such as magnetic sensors or those based on pressure. As a result,
integrated systems are created, whose measurement properties largely depend on the structure of
the data-processing algorithm. This, in turn, takes into account the purpose of the designed system.
When assessing a modern satellite compass, one should take into account the branch of applications
for which the device was constructed. There are different expectations for the fishing boat and the
quadcopter. The requirements may even be different for a ship performing hydrographic measurements
in river estuaries, and different for a ship performing similar measurements in the middle of the
North Sea or the Gulf of Mexico.

The experiments presented here focused primarily on the spectrum of frequencies that appear in
the recorded results of the heading measurements by the mean of satellite compasses. It was confirmed
that the reason for the occurring oscillations is the changes in the constellation of satellites accepted for
a heading solution. Typical frequencies appearing in the error spectrum are very low, below 0.02 Hz;
however, the movement of the object on which they are installed, as well as obstacles causing obscuring
satellites result in rapid changes in measurements values, which is evident in the registration of the
occurrence of various higher frequencies in the spectrum of heading changes.

For people using such devices, importance should be placed on being aware that the quality of the
satellite compass and the quality of the positioning receiver depend on various factors. Therefore, although
they are in the same device and many users treat them as one device, one cannot draw conclusions
about the quality of the course on the basis of indicators resulting from DOP, which characterize only the
positional service. Geomagnetic storms and traveling ionospheric disturbances (TIDs) are also known as
sources of GPS positioning quality deterioration. GPS scintillations lead to a range of errors in GNSS
due to diffraction [24]. Deep signal fades that appear during small-scale irregularities effect the result
in navigation outages [25,26]. Satellite compasses are very popular in high-latitude regions, however,
the aurora borealis becomes especially visible in such regions, and the effect of the Earth’s ionosphere on
GNSS signal propagation (total electron content) is one of the main error sources which limits the accuracy
and reliability of GNSS applications [27].
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9. Felski, A.; Mięsikowski, M. Some Method of Determining the Characteristic Frequencies of Ship’s Yawing

and Errors of Ship’s Compasses During the Sea-Trials. Annu. Navig. 2000, 2, 17–24.
10. Ruiz, S.; Font, J.; Griffiths, G.; Castellon, A. Estimation of heading gyrocompass error using a GPS 3DF

system: Impact on ADCP measurements. Sci. Mar. 2002, 66, 347–354. [CrossRef]
11. Evans, A. Roll, Pitch and Yaw Determination Using a Global Positioning System Receiver and an Antenna

Periodically Moving in a Plane. Mar. Geod. 1986, 10, 43–52. [CrossRef]
12. Kruczynski, L.R.; Li, P.C.; Evans, A.G.; Hermann, B.R. Using GPS to Determine Vehicle Attitude: USS Yorktown

Test Results. In Proceedings of the 2nd International Technical Meeting of the Satellite Division of The Institute
of Navigation (ION GPS 1989), Colorado Springs, CO, USA, 27–29 September 1989; pp. 163–171.

13. U.S. Patent No 5777578. Available online: http://patft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=
HITOFF&d=PALL&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.htm&r=1&f=G&l=50&s1=5777578.PN.
&OS=PN/5777578&RS=PN/5777578 (accessed on 12 April 2020).

14. Lu, G.; Lachapelle, G.; Kielland, P. Attitude determination in a survey launches using multi-antenna GPS
technology. In Proceedings of the National Technical Meeting of the Institute of Navigation, San Francisco,
CA, USA, 20–22 January 1993; pp. 251–259.

15. Lu, G.; Lachapelle, G.; Cannon, M.E.; Vogel, B. Performance Analysis of a Shipborne Gyrocompass with a
Multi-Antenna GPS System. In Proceedings of the IEEE PLANS’94, Las Vegas, NV, USA, 11–15 April 1994;
Available online: https://www.novatel.com/assets/Documents/Papers/File16.pdf (accessed on 12 April 2020).

16. Ueno, M.; Santerre, R.; Babineau, S. Impact of the Antenna Configuration on GPS Attitude Determination.
In Proceedings of the 9th World Congress of the International Association of the Institutes of Navigation,
Amsterdam, The Netherlands, 18–21 November 1997.

17. Tans Vector. GPS Attitude Determination System. Specification and User’s Manual; Trimble: Sunnyvale, CA,
USA, 1995.

18. Jaskolski, K.; Felski, A.; Piskur, P. The Compass Error Comparison of an Onboard Standard Gyrocompass,
Fiber-Optic Gyrocompass (FOG) and Satellite Compass. Sensors 2019, 19, 1942. [CrossRef] [PubMed]

19. Novatel, PwrPak7 Family Installation and Operation User Manual. Available online: https://docs.novatel.
com/OEM7/Content/PDFs/PwrPak7_Installation_Operation_Manual.pdf (accessed on 11 May 2020).

20. Advanced Navigation. Available online: https://www.advancednavigation.com/products/category/satellite-
compass (accessed on 12 May 2020).

21. Furuno. Available online: http://www.furuno.se/fileadmin/files/Manuals/6_Pilot_Comp/SC-50/SC-50_OM_
ENG_72510F.pdf (accessed on 9 May 2020).
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