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	 Railway trains represent a vital component of transportation infrastructure in numerous 
countries. Railway travel offers individuals convenient and secure transportation options. The 
paramount concern for the general public is the safety of railway trains, particularly the 
dependability and security of the door control system. The motor encoder is essential, and in the 
event of a malfunction, it has the potential to result in abnormal door operation, which could lead 
to significant safety risks. To prevent potential malfunctions, the door control system must be 
designed to detect any anomalous noise and promptly halt operation. In the event of encoder 
detachment or poor contact with the encoder wire, which is a common occurrence, the system 
must be capable of detecting such anomalies with immediate effect. In this study, a multiscale 
wavelet transform is proposed to transform the velocity data of the motor encoder. The resulting 
curve identifies and accentuates the distinctive attributes of anomalous signals, thereby 
facilitating the expeditious detection of encoder malfunctions in the door control system. The 
wavelet transform converts the standard encoder velocity signals for learning and analysis. 
Following this, any noise caused by encoder detachment or poor contact with the encoder wire is 
identified. Subsequently, the controller utilizes the distinctive characteristics of anomalous 
encoder signals to guarantee the prompt cessation of door operation in case of a motor encoder 
failure. Verification has demonstrated that this method not only rapidly converts and highlights 
abnormal encoder signals but also effectively ensures the safe operation of the railway train door 
system.

1.	 Introduction

	 While ensuring safety, many studies on train control systems focus on the strategies for 
controlling the opening and closing of train and platform doors.(1–3) Systems for both operations 
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require motor power to drive and pull the doors, making motor fault detection crucial in railway 
systems.(4–6) EN 61800-5-3 is a standard developed by the International Electrotechnical 
Commission that specifies safety performance criteria for variable-frequency drives. This 
standard pertains to adjustable-speed electric drive systems powered by electric motors, 
including control systems, power electronic devices, and motors. It delineates the fundamental 
requirements for designing and constructing variable-frequency drives, including electrical, 
mechanical, and functional considerations, as well as specifications for motor encoders. The 
standard provides verification methods and evaluation procedures to ensure compliance, 
including testing, simulation, and analysis.
	 Integrating sensors into railway door control systems enhances monitoring capabilities, 
allowing for the real-time detection of anomalies. There are numerous methodologies and 
techniques for analyzing motor and encoder malfunctions. One such technique is the utilization 
of machine learning for the diagnosis of faults in electric drives. However, machine learning 
models are not without limitations. They are typically constrained to diagnosing faults for which 
they have been trained and can be costly to implement on computational platforms.(7) 
Furthermore, using motor current for fault detection can be challenging because of the coupling 
of motor current signals with noise, making it difficult to accurately detect faults and effectively 
diagnose encoder failures.(8)

	 As illustrated in Fig. 1, this study employs a wavelet transform method integrated with 
encoder data to derive a motor speed curve that is both reasonable and accurate. The technique is 
both simple and efficient in its computation, and it offers superior identification and more 
responsive detection than existing signal detection methods.
	 In general, motor current signals frequently contain a considerable amount of noise, 
which presents a significant challenge to accurately detecting errors. To address this 
issue, a signal filtering process must be implemented. Although Fourier transform 
methods can detect motor current signals by converting them into different frequency 
components,(9–13) they cannot provide real-time frequency information as it changes over 
time. In contrast, the wavelet transform is an effective solution to this limitation. The 

Fig. 1.	 (Color online) Architectural diagram of wavelet transform of encoder data applied to the motor fault 
detection system.
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original signal is decomposed into variable-time and -frequency windows, facilitating a 
more effective capture of signal changes. Wavelet transform employs two distinct 
methodologies: Continuous wavelet transform (CWT) and discrete wavelet transform 
(DWT).(14–17) In this study, we employ the DWT, which is typically utilized for processing 
signals within a specified range.
	 The wavelet transform is a widely utilized signal processing technique that can 
effectively decompose a signal into distinct frequency components, thereby enabling the 
extraction of valuable information. The application of a wavelet transform algorithm to 
motor encoder data facilitates a more precise analysis of the encoder’s state and 
performance. In comparison to conventional methodologies, this technique enables the 
prompt identification of encoder faults and potential problems, thereby facilitating the 
implementation of timely maintenance and repairs.

2.	 Methodologies

	 To guarantee the seamless ingress and egress of passengers from train cars, it is imperative to 
create a hardware testing environment that can be practically implemented. The minimum width 
of the train doors must be 600 mm. However, considering exceptional emergency scenarios and 
to optimize the boarding and alighting process, the minimum width when the doors are open 
should be at least 800 mm. Consequently, the testing environment has been configured with the 
requisite widths, as illustrated in Fig. 2.
	 In establishing the wavelet transform simulation environment, in this study, we utilized the 
MATLAB simulator to obtain simulation curves under diverse conditions, including regular 
operation and encoder disconnection scenarios. The objective was to ascertain whether the 
wavelet transform functionality and simulation curves in the simulated environment were in 

Fig. 2.	 Scale of the experimental platform utilized for the simulation of door mechanisms.
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accordance with the original design requirements. The configuration of the simulation 
environment is illustrated in Fig. 3.
	 The initial step involved the utilization of a preprocessing module, which was employed to 
generate signals derived from the motor encoder. Subsequently, signal variations corresponding 
to different abnormal conditions were produced. Finally, the wavelet transform module was used 
to obtain distinguishable results by calculating the signals. This configuration effectively 
simulates a range of potential abnormal conditions, thereby facilitating the generation of reliable 
data for fault detection.
	 The encoder signal is an electrical voltage signal that is typically subjected to filtering and 
then converted through the use of dedicated hardware circuits. When the motor is operating in a 
steady state, the number of pulses per unit of time is constant in the context of the ideal theory. 
Consequently, the number of pulses and the time can be calculated to obtain a stable speed 
signal. By comparing the computed speed signal with the time, we can reasonably assess the 
speed within a given time unit, thereby determining the current state of the encoder.
	 The resolution of the encoder is defined as the number of pulses generated per revolution of 
the motor. Therefore, the angle for one revolution of the motor is 360° divided by the number of 
pulses generated per revolution, 𝑃. The number of pulses generated per second can be derived by 
considering the time unit as seconds. This data can be further converted into speed, expressed in 
revolutions per second (RPS) or revolutions per minute (RPM), as illustrated in Eq. (1).

	 RPS = N ÷ P, RPM = RPS × 60 (s)	 (1)

	 In accordance with the aforementioned methodology, the speed signal is subject to processing 
via the implementation of a wavelet transform, thereby facilitating the subsequent analysis. 

Fig. 3.	 (Color online) MATLAB simulation of motor encoder output and wavelet transform experiment.
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Wavelet transform analysis offers numerous advantages. Its multiscale characteristics enable the 
observation of the original signal at varying degrees of detail, from coarse to fine. Additionally, 
the wavelet function of the band-pass filter can be regarded as a signal at different scales 
undergoing filtering. Furthermore, selecting an appropriate wavelet enables the wavelet 
transform to effectively characterize the local features of a signal in both the time and frequency 
domains. This facilitates the detection of the signal’s exceptional components and transient 
states.
	 A smaller wavelet transform scale allows for comparing the wavelet function with a very 
small local signal, thereby obtaining a detailed signal with high-frequency characteristics. In 
contrast, a larger scale allows for a more extended analysis of the wavelet function along the time 
axis and a longer interval for signal analysis. This approach is primarily used to obtain the 
approximate contour state of the overall signal, which is extracted according to the low-
frequency characteristics of the signals. In this study, the wavelet transform is employed to 
convert the speed signal of the encoder to detect anomalous signals. It is essential to obtain 
details of the low-frequency portion of the overall signal, which undergoes gradual changes, to 
accentuate the anomalous speed signal, thereby enabling the controller to detect encoder faults 
with greater expediency. 
	 The DWT processes are illustrated in Fig. 4. The discrete input signal X(n) is shown in the 
figure. The low-pass and high-pass filters, g(k) and h(k), are used to remove the high- and low-
frequency components of the signal, respectively. The output signals A1,L(n) and D1,H(n) represent 
the approximation space and detail space converted from the original signal, respectively. A 
down-sampling filter, designated as ↓Q, is employed to reduce the sampling rate of a signal. Q is 
always 2, which represents the output signal A1,L(n) or D1,H(n) that is sampled at a rate of half that 
of the previous high-pass or low-pass filter output, effectively halving the sampling rate. 	
	 As illustrated in Eqs. (2) and (3) of the multiscale wavelet transform analysis, the signal can 
be decomposed into the approximation space and detail space through the filters in the wavelet 
function by multilevel analysis. The aforementioned equations illustrate the application of the 
𝑎-scale wavelet transform in calculating the low- and high-frequency components of the signal at 
varying levels. The low- and high-frequency output components at level 𝑎 are represented by 
Aa,L(n) and Da,H(n), respectively. The previously described components are obtained by 

Fig. 4.	 Defined relationships and processes in DWT.
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weighting the low-frequency signal from the preceding level (𝑎 − 1), designated as Aa−1,L(2n − k), 
with the filters g(k) and h(k). The filters thus determine how the signal from level a − 1 is 
transformed into the low- and high-frequency components at level a. The multiscale wavelet 
transform describes a signal processing procedure used to decompose and analyze the low- and 
high-frequency components of the signal at a deep level.(18)

	 ( ) ( ) ( )1
, 1,0A 2K

a L a LkA n n k g k−
−=

= −∑ 	 (2)

	 ( ) ( ) ( )1
, 1,0 2K

a H a LkD n A n k h k−
−=

= −∑ 	 (3)

Here, g(k) and h(k) represent the low- and high-pass filters, respectively, which are employed to 
extract the low- and high-frequency components of the signal. Aa,L(n) represents the 
approximation space, which encompasses the low-frequency components obtained following the 
implementation of wavelet decomposition. Da,H(n) represents the detail space, which is used to 
describe the high-frequency components of the signal. The index “n” denotes the decomposed 
spaces, indicating the position of each detail or approximation space on the time axis. In this 
context, the variable “k” represents the filter index, which ranges from 0 to K − 1, with K 
denoting the length of the filter. Moreover, the (2n − k) coefficient denotes the index of the 
approximation signal space derived from the output of the preceding level.	
	 Figure 5 demonstrates the DWT with a hierarchical structure of the multiscale wavelet 
transform. The multiscale wavelet transform is derived from the one-scale wavelet transform. 
Equations (4) and (5) elucidate the high- and low-pass transformations of a single scale. After the 
initial level of transformation, the resulting low-pass component is subjected to the 
transformations delineated in Eqs. (6) and (7), which constitute a two-scale transformation. The 
continuous α-scale wavelet transform is then employed, as illustrated in Eqs. (2) and (3). This 
process is continued until the step wave signal is rendered smooth.

	 ( ) ( ) ( )1
1, 0 2K

L kA n X n k g k−
=

= −∑ 	 (4)

	 ( ) ( ) ( )1
1, 0 2K

H kD n X n k h k−
=

= −∑ 	 (5)

Fig. 5.	 Hierarchical structure of multiscale DWT.
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Here, X(n) represents a discrete input signal of length N, where N represents the total 
number of samples in the signal, and n takes values from 0 to (N − 1). In signal processing, 
the convolutional operation of the (2n − k) index position of the input signal X with the 
index position k of the low-pass filtering function g(k) is represented as X(2n − k)g(k). The 
relative X(2n − k)h(k) equation is used for the convolution operation of the high-pass 
filter.
	 The second-level wavelet transform is illustrated in the following equations:

	 ( ) ( ) ( )1
2, 1,0 2K

L LkA n A n k g k−
=

= −∑ ,	 (6)

	 ( ) ( ) ( )1
2, 1,0 2k

H LkA n A n k h k−
=

= −∑ .	 (7)

	 The encoder of the door motor serves as an encoding device, converting the motor speed into 
a continuous-step wave signal. The long-term vibration during train driving and door opening 
and closing causes damage to the encoder and the connecting wires, resulting in loosened 
connections and poor contact. This leads to an error in the speed control of the door motor. 
Therefore, it is crucial to monitor the signal from the encoder to ensure its functionality. 
However, the motor running speed is not entirely fixed since the door motor operates during 
opening and closing. For example, during the initial phase of closure, the door’s velocity is 
relatively lower, resulting in a longer duration of the encoder’s step wave signal. As the door 
approaches the lock, the encoder’s output signal transitions to a step wave of a shorter period, 
resulting in a motor speed signal that is a composite of high- and low-frequency signals. This 
composite signal is analogous to noise and is, therefore, challenging to analyze. Accordingly, in 
this paper, we propose a multiscale wavelet transform method to convert the encoder’s motor 
speed signal into a smooth and stable waveform through a multilevel wavelet transform and 
amplify the features, which facilitates the quick and accurate detection of encoder issues.	
	 By employing the fundamental definitions and calculations previously outlined, we can 
mitigate the noise present in the motor velocity encoder’s continuous signal. This is accomplished 
by implementing a low-pass filter to eliminate high-frequency components through a series 
wavelet transform, producing a more readily comparable signal.
	 As illustrated in Fig. 6, the simulation was conducted under conditions where the encoder 
exhibited normal functionality. The speed presented in the simulated curve increased from zero 
to a constant, and it was determined that no faults occurred. The simulator presented a fault-free 
speed curve. This process enabled us to verify the system’s performance under normal operating 
conditions and to obtain baseline data for comparison with abnormal situations. Subsequently, a 
series wavelet transform was applied to convert the simulated speed curve, generating a well-
featured speed curve, as illustrated in Fig. 7. The results demonstrate that no encoder fault 
characteristics were identified.
	 Subsequently, a scenario in which the encoder signal is absent for one second will be 
presented. The MATLAB encoder fault signal simulation block was employed to generate the 
state where the encoder signal is lost. The resulting data waveform is illustrated in Fig. 8. The 
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Fig. 6.	 (Color online) MATLAB simulation of motor encoder normal speed data.

Fig. 7.	 (Color online) Speed data after wavelet transform of normal speed data.

Fig. 8.	 (Color online) MATLAB simulation of motor encoder speed data with one-second signal loss.
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waveform of the encoder signal with a one-second loss was then subjected to a series of wavelet 
transform computations. The output shown in Fig. 9 demonstrates that the abnormal features of 
the encoder fault signal are amplified. This illustrates the efficacy of the wavelet transform in 
highlighting the abnormal features.
	 As illustrated in Fig. 10, a 10% noise simulation test was conducted in an experiment with 
poor contact due to encoder wiring connection issues. One second after the commencement of 
the test, a 10% encoder noise signal was introduced, resulting in an irregularity in the speed 
curve. The MATLAB program was used to read the simulated curve of the abnormal case, 
which exhibited a 10% encoder noise signal introduced after 1 s. The waveform was subjected to 
a series of wavelet transforms and computations, as illustrated in Fig. 11. It can be observed that 
the anomalous features are amplified, thereby facilitating their analysis.

Fig. 9.	 (Color online) Speed data with one-second signal loss after wavelet transform. 

Fig. 10.	 (Color online) MATLAB simulates the speed data of a motor encoder, incorporating a wiring contact 
anomaly that occurs after a one-second interval. 
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	 In the final experiment, as illustrated in Fig. 12, a door simulation mechanism is employed in 
conjunction with a motor and control driver to simulate the opening and closing of a train door. 
This simulation platform offers a highly realistic emulation of actual door movement, providing 
an experimental environment that closely resembles real-world conditions.
	 The motor and driver are indispensable elements for attaining the desired door motion and 
regulating the current and speed, thereby facilitating the opening and closing of the door. The 
microcontroller unit (MCU) serves as the central component of the control system and is 
responsible for receiving and processing data from the encoder. Subsequently, the extracted 
encoder signals are fed into a computer for data collection and processing. Subsequently, the 
wavelet transform results are subjected to analysis to ascertain whether the transformation is 
effective in amplifying the characteristic values.
	 This configuration provides a realistic and controllable experimental environment, 
facilitating the verification of the efficacy of the wavelet transform in amplifying anomalous 
features in encoder signals. In addition, implementing a genuine operational context can 
facilitate the secure operation of railway trains.

3.	 Results

	 As illustrated in Fig. 13, the motor encoder of the door simulation mechanism displays typical 
raw speed data, with the speed curve exhibiting a conventional trend. This indicates that during 
the test, the encoder operated normally without any faults or abnormalities. The resulting 
waveform after applying a series wavelet transform to the aforementioned speed data is shown in 
Fig. 14. It can be observed that the encoder speed curve exhibits no abnormalities. This indicates 
that in this experimental case, the output data from the encoder demonstrates stable and 
continuous characteristics without any apparent abnormalities or faults.

Fig. 11.	 (Color online) The speed data of wiring contact anomalies, following the application of a wavelet 
transform, are represented by a speed curve. 
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Fig. 12.	 (Color online) Experimental platform with door simulation mechanism and motor encoder.

Fig. 13.	 (Color online) The MCU acquires the normal raw speed data from the motor encoder.

Fig. 14.	 (Color online) The normal raw speed data undergoes wavelet transformation.
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	 As illustrated in Fig. 15, the raw speed data from the encoder of the door simulation 
mechanism displays a 1 s signal loss, whereby the speed data experiences a sudden interruption 
for approximately 1 s. This testing method is designed to simulate a scenario in which the motor 
encoder encounters a fault or is unexpectedly removed during operation, resulting in a failure in 
speed measurement. The resulting waveform after applying a series wavelet transform to the raw 
speed data, which includes a 1 s signal loss, is depicted in Fig. 16. It can be observed that the 
encoder signal is in an abnormal state while simultaneously amplifying its characteristic values 
indicative of the anomaly.
	 Figure. 17 illustrates the velocity data of the encoder with wiring contact issues in a door 
simulation mechanism. The speed data indicates the presence of a transient signal anomaly 
during the closing phase. This testing method is designed to simulate contact anomalies that may 
occur in the motor encoder during the door-closing process. The resulting waveform of the speed 
data from the encoder, following the application of a wavelet transform, is illustrated in Fig. 18. 

Fig. 15.	 (Color online) The MCU acquires the raw speed data from the motor encoder with a one-second signal loss.

Fig. 16.	 (Color online) The raw speed data with a one-second signal loss undergoes wavelet transformation.
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The method demonstrates the existence of irregularities in the encoder signal and accentuates 
the distinctive values associated with these anomalies. This methodology allows for the accurate 
detection of encoder problems, thus enabling the implementation of timely adjustments and 
repairs to the system.
		
4.	 Conclusions

	 In this paper, we proposed a multiscale wavelet transform to convert the multifrequency 
chaotic curve of the speed signal of the motor encoder into a more stable speed curve while 
simultaneously highlighting and enhancing the features of the curve associated with abnormal 
conditions. This allows for the more straightforward detection of encoder faults. Firstly, in this 
study, we employed a simulation environment to simulate typical encoder signals and common 

Fig. 17.	 (Color online) The MCU obtains speed data affected by poor encoder contact from the motor encoder.

Fig. 18.	 (Color online) The raw speed data from the encoder with contact issues is processed through a wavelet 
transform.
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encoder issues, including malfunctions and poor wire connections. To this end, a wavelet 
transform is utilized to transform the simulated encoder speed signal into a more stable and 
readily analyzable signal curve, thereby validating the designed method. To demonstrate the 
applicability of the proposed method to a practical door device, we employed an experimental 
door and integrated the motor mechanism and MCU control driver to obtain the encoder’s speed 
data. Subsequently, a series of wavelet transforms were performed to convert the signals. The 
results of the experiments demonstrated that the converted speed waveforms effectively amplify 
the characteristics of the abnormal encoder signals, which is beneficial for accurate detection. 
This approach facilitates the early detection of encoder failure and enables timely repair, thereby 
enhancing the reliability and stability of the system.
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