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This thesis investigates the development of a Python code-based system for correction
using signals generated by zebra stripes to analyze instantaneous angular velocities (IAS).
It addresses the data errors mainly due to butt joint faults. It classifies the data acquired
from different types of motion of rotating machines and applies different correction
algorithms correspondingly. For constant speed conditions, LOWESS smoothing combined
with Z-scores and the 3σ rule was used to identify outliers and linear interpolation was
used to reconstruct the data. For sinusoidal speed conditions, the system uses Gaussian
filtering and the 3σ rule to detect outliers and Fourier series fitting to reconstruct the
sample point data. Experimental verification under different conditions shows that this
method effectively improves the accuracy and reliability of IAS measurements.
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SYMBOLS AND ABBREVIATIONS

ACF Autocorrelation Function

AC Alternating Current

DBSCAN Density-Based Spatial Clustering of Applications with Noise

DCT Discrete Cosine Transform

EMF Electromotive Force

GAN Generative Adversarial Network

IAS Instantaneous Angular Speed

LOWESS Locally Weighted Scatterplot Smoothing

PCM Pulse Counting Method

RPM Revolutions Per Minute

S (time) Time column in data

T (voltage) Voltage column in data

VAE Variational Autoencoder

WLS Weighted Least Squares

Z-score Standard Score (used for statistical outlier detection)
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1 Introduction

The focus of this paper is on a system based on python code written to detect and correct

instantaneous angular speed (IAS) corresponding to electro-optic signal data collected by

optical sensors after detecting zebra tape. IAS is the angular speed of a rotating machine at

a given instant, which is often calculated by measuring the instantaneous angular change of

the unit to reflect real-time changes in the state of rotation. As mentioned in the

literature,“The instantaneous angular speed (IAS) of a rotating machine is a key

information to understand the machine operation and to diagnose potential faults”(Leclère,

Girardin & Rémond, 2013). So IAS measurements is a common problem in a variety of

applications in modern industry such as rotating machinery monitoring and control,

automotive engines, turbines, manufacturing equipment and power transmission

systems(Li et al., 2005). Thus the ability to measure IAS accurately is critical for machines

maintenance, which can detect failures early, reduce downtime and improve the efficiency

and safety of machines (Bi & Lin & Bi & Bi & Wu & Yang & Ma, 2019) . So IAS

measurements has always played a very key role in the industrial sector . Zebra tape

(alternating black and white stripes fixed on a rotating axis) in combination with an optical

sensor provides an effective, economical and less altered method of measuring IAS (Rivola

& Troncossi, 2014). However, this method also still has some drawbacks that can lead to a

decrease in the accuracy of IAS measurements. It is affected by manufacturing defects,

misalignment of the installation or errors caused by the last stripe at the butt joints usually

not being the same width as the other stripes, which can introduce outliers and interfere

with velocity calculations (Janssens et al., 2010). Therefore, it is important to create a code

system to detect outliers caused by the use of zebra tape and re-correct the data to obtain

the correct IAS signal.

In order to address the inaccuracy associated with IAS numerical measurements obtained

from zebra tape-based detection more effectively, it is necessary to have an automated

method for detecting and correcting outliers in real time. While previous studies have

explored methods such as signal filtering and correction using mathematical modelling,

these techniques are often difficult to automate to distinguish outliers from natural velocity

fluctuations, and there are few systematic frameworks for automated, centralised
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processing with high accuracy(Bi et al., 2019& Janssens et al., 2010).Hence a code system

with sensitivity, scalability and automation is demanded to measure the IAS signals to

improve the measurement accuracy. This study develops a Python-based IAS analysis

system for automatic identification and correction of IAS signals using machine learning

and signal processing as the main techniques.

The system in this thesis first preprocesses the raw collected data, which involves

removing invalid data and outliers to ensure data quality. It then calculates the number of

sampling points of each group of black and white stripes in the zebra tape and combines it

with auto-correlation analysis to automatically determine whether the rotation is uniform

or sinusoidal variation for targeted detection and correction. For constant speed rotations,

the system uses LOWESS (Locally Weighted Scatterplot Smoothing) to extract the overall

trend, combined with Z-score standard analysis to detect outliers stripe widths. These

outliers may come from manufacturing errors or installation irregularities that result in bias

in the number of sampling points. The system applies a linear fitting method to correct the

outliers, and the uses the corrected stripe width data to get a more accurate IAS signal. For

sinusoidal fluctuation rotation, the system first uses Gaussian filtering on the data to

eliminate high-frequency noise and detects outliers in the stripe width in conjunction with

the 3σ rule. And the system uses Fourier series fitting to correct and compensate the

outliers. The corrected data are used to calculate the angular displacement and further

derive the IAS to finally obtain a complete and correct IAS curve. This method provides an

effective solution to address the measurement errors caused by major problems such as

zebra tape joints in traditional IAS measurements and improves the accuracy of IAS signal

measurements by targeting the characteristics of constant speed and sinusoidal speed

fluctuating rotations

The method in this paper not only enhances the reliability of zebra tape-based IAS

measurements, but also provides convenience in acquiring accurate IAS signals by

integrating functions such as detection and correction. It also bridges the gap between

traditional signal filtering and advanced machine learning methods.
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2 Related Work

In recent years, researchers have presented a variety of solutions in the areas of IAS

computation measurements and signal optimisation. IAS computational methods have also

evolved. Some deep learning methods for detection have been mentioned in cutting-edge

research in recent years, some of these methods are more advanced but some of them are

still in the experimental stage. And there are also some limitations in research similar to

this thesis.

2.1 Basic Research

There is a study systematically reviewed IAS estimation techniques and categorised them

into two individual methods: elapsed time method (ETM) and pulse counting method

(PCM). ETM is suitable for high speed rotating while PCM is suitable for low speed

rotating machinery. Then they emphasis basic IAS computation and sources of anomalous

fluctuations in IAS signal collection such as sensor noise, NaN data, and external

disturbances(Li., Gu., Harris., Ball., Bennett, & Travis.,2005). So It is important to use

both methods correctly, and identifying and mitigating these abnormal value is also

important for the accurate calculation of IAS. There is a research conducted an insightful

study of outlier detection methods, categorising them into statistical, clustering-based and

machine learning methods(Hodge&Austin, 2004). Their study emphasised that statistical

outlier detection methods are commonly used to detect anomalies in time series data,

which makes them highly relevant to the detection function of our system as they employ

similar techniques to correct irregular outliers. However, many traditional methods have a

single and weak ability to process data, which can not be applied to multiple types of data

at the same time, and all of them also have problems such as the inability to correct errors

in real time and the lack of accuracy in detecting outliers.
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2.2 Advanced Research

With the developments of technology, advanced researches has focused the points that

combining advanced signal processing techniques, deep learning models to improve IAS

measurement accuracy, outlier detection, and signal correction. These improvements have

made IAS analysis more robust and adaptive. Because errors in stripe transfer and unusual

voltage data which caused by other elements can lead to incorrect angular velocity

estimates, so outlier detection really plays a key role in IAS signal processing. A self-

supervised learning model has been introduced in recent years that detects faults in rotating

machinery without labelling the training data (De Fabritiis & Gryllia , 2024). This method

is suitable for noise removal during data processing, but it requires adaptive learning to

recognise subtle changes in the signal. Similarly, a GAN-based data reconstruction model

learns normal operating patterns and has a 98.9% accuracy (Li & Liu & Wang & Xing &

Zeng, 2022). However, while these methods can enhance detection, they are too expensive

to train and GANs are black-box models that make it difficult to interpret the results

reasonably.And now IAS signal processing has made huge progress in recent studies. Then

order tracking analysis can also improves the IAS measurements in different rotational

speeds to increase the accuracy of angular displacement correction (Remond et al., 2014).

This is important because order tracking analysis points that the regularity of the signal

plays a decisive role in accurate speed estimation, this is also the reason why different

types of data are then treated differently in the code system. In addition, sinusoidal EMF-

based IAS measurement system demonstrate a kind of method to enhance speed detection

accuracy with sensor-generated signals (Khdair & Mihai & Bumbu & Horodincă, 2023),

this is a kind of technique which used to measure IAS by making electromotive force

(EMF) signals generated from a two-phase alternating current (AC) generator, however, it

requires high computational requirements and it is also limited in the low speed

environment. But simple adaptive filtering and Fourier-based signal correction can achieve

similar benefits to its good aspects as well. What’s more, IAS measurements is not only a

simple speed estimation, it also plays a key role in identifying transient behaviour and

mechanical anomalies in rotating systems. The study of IAS monitoring in Flywheel-based

inertial systems explains the dynamic response phases of the acceleration and deceleration

phases to emphasis the importance of capturing instantaneous speed changes(Valencia &

Piedrahita 2022). So some of the system's outlier correction algorithms (e.g. linear fitting
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and smoothing techniques) are well appropriated for analysing IAS. In conclusion, the

combination of deep learning enhanced signal processing and transient behaviour

modelling has significantly improved IAS monitoring accuracy. However, challenges were

still remained in the areas of real-time adaptability, computational requirements, and

processing stripe transition error. Recent advances in IAS measurement systems have

focused on improving accuracy in different speed ranges. However, the research of Arif et

al. (2012) focused on exploring IAS measurements in low-speed rotating machines with

the aim of solving problems in equipment and systems such as sensor noise and heavy

industry. While their study enhances IAS detection in low-speed environments, but it

shows the remaining research gaps in IAS measurement.

And the paper can address these aspects well by integrating adaptive classification, real-

time outlier correction and signal optimisation based on methods such as signal processing

and statistics.



7

3 Methodology

The project of this research is to design and implement a Python-based IAS measurement

and correction system. The system automatically fetches the voltage signal values from the

data file and integrates them to calculate the number of sampling points for each black and

white stripe group, where the voltage value signal is collected by a rotating wheel device

on the test bench, as shown in Figure 1, it acquires angular displacement by reflection

photoelectric non-contact sensors and zebra strips, zebra strips are affixed to the cylindrical

surface of the rotating disc to be tested. A low voltage signal is output when the light point

is located in the white strip area; conversely, a high voltage signal is output when the light

point is located in the black strip area. And after calculation, the system can detect and

correct IAS signal outliers due to disturbances such as zebra tape misalignment or docking

errors. The method integrates data pre-processing, motion classification, anomaly detection

and signal correction techniques, which makes it a code system that allows efficient

processing of IAS. And the code system uses the datasets information which are captured

as shown in Table 1and Table 2.

Figure 1.Photoelectronic sensor for signal acquisition (Bi&Lin&Bi&Bi&Wu&Yang& Ma,

2019)

Table 1.Constant Speed Dataset Information

Name Voltage [mv] revolutions per
minute [rpm]

sampling rate[hz]

Run 13 900 280 100000
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Table 2. Sinusoidal Speed Dataset Information

Name Highest Voltage
[mv]

Lowest Voltage
[mv]

sampling rate[hz]

Run 53 750 450 100000

3.1 Basic Principles of IAS Measurements for code system

"The IAS (Instantaneous Angular Speed) assessed using an angle encoder is never strictly

instantaneous data. The speed is estimated from a measure of the time duration between

two events of the encoder."(Leclère&Girardin & Rémond, 2013). So IAS is usually

determined by measuring the instantaneous angular displacement over a period of time.

The formula is that:

ω = ∆φ
∆t

(1)

where ∆φ is angular displacement and ∆t is the corresponding time duration(Li & Gu &

Harris & Ball & Bennett &Travis, 2005). And ω is the IAS of this angular displacement.

Because the data used in this code system comes from a rotating wheel machine with 221

sets of black and white stripes, the normal angular displacement should be divided equally

into 221 parts. The relationship is as shown in Figure 2.

Figure 2.Relationship between black and white stripe sets and angular

displacement(Bi&Lin&Bi&Bi&Wu&Yang& Ma, 2019)

And in the data file, each set of positive and negative voltage signals collected by the

sensor represents each set of black and white stripes as Figure 2 shows. The system

calculates the total number of voltage data points for each group of black and white stripes
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to pick out anomalies caused by faulty zebra strip connectors or other factors and uses

advanced processing techniques such as autocorrelation analysis, outlier detection and

signal correction to calculate the normal angular displacement, and finally calculate the

correct IAS based on the normal data.

3.2 Data pre-processing and motion classification

3.2.1 Data pre-processing

If we cannot fully describe the differences in the datasets, or if the datasets are not

sufficiently diverse, then the results presented by the system are not sufficiently

convincing(Subbaswamy&Adam& Saria, 2021). The datasets used in this system are taken

from actual experiments. The total types are classified as rotating machinery with constant

speed rotation or sinusoidal fluctuation. These two types of datasets in turn contain datasets

with different sampling frequencies and different rotational speeds. Because the data to be

used in the dataset are the S (time) and V (voltage) columns, the system will extract these

two columns individually in order to make them available to the subsequent code.

3.2.2 Motion classification

Because identifying the type of dataset is important for the subsequent selection of the

analysis method, autocorrelation-based motion classification was used in this study to

distinguish between constant speed motion and sinusoidal fluctuations.

Each group of stripe (black and white) generates a continuous area of voltage (positive and

negative). The code system counts the continuous positive and negative voltage generation

transition points and clears to zero when the number of transition points reaches 2, which

represents a complete set of positive and negative voltage signals. At the same time, the

counter will count the number of voltage points of this complete set of voltage signals. The

number of counting points of each black and white stripe group should present a

corresponding trend according to the motion state of the rotating machine, if the counting

points of a black and white stripe group are out of the state, it means an abnormal situation

may occur.
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Then in order to classify the motion type, the system uses autocorrelation function(ACF)

analysis, which is a technique that can be used to detect periodicity in stripe transition data.

It is mainly used to detect non-randomness in data(NIST, n.d.). Autocorrelation measures

how well a signal correlates with a time-shifted version of itself and this property allows

the system to analyses the pattern of stripe transitions and determine whether the motion

presents a cyclic structure or remains at a constant speed. Constant speed motion produces

a more uniform variation in the total number of stripe group count points, and

autocorrelation is low at non-zero lags (no repeating patterns) because offset value has less

change, so the value of autocorrelation will be at a low level as the time lag increases.

However, sinusoidal speed produces a cyclic variation in the number of counting points in

the stripe group, which result in high autocorrelation values at specific lags. the lag k ACF

is defined as:

ρ(k) = t=1
N−k (yt−y)(yt+k−y)�

t=1
N (yt−y)2�

= Cov(yt,yt+k)
σY2 (2)

where yt presents the t-th value of sequence of array that stores the number of data points

between two full black-and-white transitions detected in the voltage signal. And k is the

lag, y is the mean of the array that stores the number of data points. The system code uses

np.corrcoef to calculate the Pearson's correlation coefficient, which is what Formula (2)

looks like after simplification.

Due to the fact that sequences with strong periodicity have high autocorrelation values

even with large time intervals, while irregular sequences have autocorrelation values close

to 0 with large lags(Shumway & Stoffer, 2016). So the value of autocorrelation was used

to determine the type of data finally, when the value was greater than 0.6 it was determined

to be a fluctuating dataset and when the value was less than 0.4 it was a constant speed

dataset.



11

3.3 Error analysis and data visualisation

Before applying correction techniques to IAS signals, it is essential to analyses the original

data to understand the sources of measurement errors. Based on the visualisation approach,

the system uses two main methods to analyse the raw IAS data, which are identifying

inconsistencies in the butt joints in the zebra tape transition and evaluating abnormal

variations in the number of black and white stripe counts in constant and sinusoidal speed

motions.

3.3.1 Visual analysis and evaluation of uncorrected data

The system firstly uses the most original data, then using the voltage data points as X-axis

coordinates and using the value of voltage as Y-axis to draw square wave plots for a direct

observation. And the system takes the original square wave map and binary it (using the

average of the maximum and minimum values of the signal as the threshold for the

binarization) and resampling based on stripe width to obtain a smoother figure, just as

shown of Figure 3. Because the full figure is too tight to observe, the figures in Figure 3

are partial enlarged figures.

(a)

(b)
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(c)

(d)

Figure 3. (a) Raw constant speed voltage square wave plot (b) Binary constant speed

voltage square wave plot (c) Raw sinusoidal speed square wave plot (d) Binary sinusoidal

speed square wave plot

It is straightforward to observe Figure 3 that the width of the square wave varies

significantly regardless of the dataset, which proves that there is an error in the width of

the black and white stripe group. In order to confirm the cause, the system then processed

the data in a more detailed way

For constant speed motion, after calculating the number of groups of black and white

stripes and their corresponding number of voltage points, the system sorts them. Due to the

fact that the number of data points contained in each group of black and white stripes

should be similar in the case of constant speed rotation, which represents the normal width

of the black and white stripes without other factors influence them. And the values that

significantly differ from the majority of the range of the number of data points are called

outliers, or abnormal values. So the system uses the simpler method of identifying and

marking the extremes of the top 1% after sorting to allow for easy observation of the initial

data. After a rough screening, the system picks out the outliers and marks them, as in

Figure 4. The X-axis is the index point for each black and white stripe group, and the Y-

axis represents the number of voltage points contained in each black and white stripe group.
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(a)

(b)

Figure 4.(a) Data points per black-white stripe (b) Partially of Data points per black-white
stripe

Figure 4 (b) is a partial view of Figure 3 (a), where the distance between the outliers can be

clearly seen, and the distances between each of the outliers are labelled as 221. Due to the

fact that the zebra tape measured by this system contains 221 sets of black and white

stripes in a circle, it can be deduced that the biggest cause of error is that the width of the

black and white stripe group at the butt joints of the zebra tape is wider than the normal

stripe groups.

For the initialisation data of sinusoidal speed motion, the fluctuations are large, so it is

more inaccurate to use the polar method again to visualise the cause of the outliers . So the

system displays an image of the initialised data and marks it by hand, which requires

human observation of the outliers. As the Figure 5 shows, the number of outliers in

sinusoidal fluctuations is high and their distribution is more complex. The X-axis and Y-

axis of Figure 5 have the same meaning as Figure 4.
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(a)

(b)

Figure 5. (a)Initialisation data for sinusoidal speed motion (b)Partial initialisation data

Figure 5(b) is a randomized partial plot of figure 5(a). In figure 5(b), information about

obvious outliers is marked. The difference in the horizontal coordinates of each outlier is

221, which shows that the main cause of the measurement error in the sinusoidal speed

motion is still the splice error at the zebra tape butt joints.

3.4 Accurate outlier detection

After initial observations of the data and analysis of the causes of outliers, the code

requires further processing of the data and more accurate detection of outliers through

signal processing and statistical methods.

For constant speed datasets, the system uses LOWESS and Z-score with 3� as the main

methods to select outliers. LOWESS (Locally Weighted Scatterplot Smoothing) is a non-

parametric regression method, LOWESS comes from a smoothing method for equally
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spaced time series and therefore it is adaptive in constant speed datasets (e.g., isochronous

sampling or constant RPM signals). Due to the uniform spacing of the independent

variables x, the window distribution in the locally weighted regression is more symmetric,

and the weights are computationally stable, which helps to obtain continuous, smooth and

reliable fitting results(Cleveland, 1979). The formula for calculating the LOWESS

smoothing value is

��� = � + ��� (3)

where ��� is the smoothed estimate of the current data point ��, the intercept � is constant

term in the local linear fit, � is slope and �� is the input data point. Next the slope and

intercept need to be calculated, but the intercept and slope then require weights in the data

points to be calculated. Unlike traditional global regression methods, LOWESS computes

weights by applying a tricube weight function in the local neighborhood of each data point,

and then uses Weighted Least Squares (WLS) regression to fit the data without the need to

preset a specific mathematical model. The formula of tricube weight function is formula (3)

that closer points are weighted more heavily but further points are weighted less heavily,

��(��) = (1 − ( ��−��
ℎ

)3)3, �� �� − �� < ℎ
0, ��ℎ������

(4)

where ��(��) is weight of data point �� at ��, �� the value of the independent variable for

the k-th data point, and �� is the current target point for calculating the smoothing value, h

is window width (i.e., neighborhood size) that is determined by ‘frac’ in the code. After �

was calculated, WLS can get regression coefficient (intercept and slope) of LOWESS. The

formula of WLS is that

�
� = ���� −1���� (5)

and � is the design matrix containing � and the constant term, � is the observed value (i.e.,

the true Y value) for all data points and � is the weight matrix consisting of the focus line

elements ��. With this formula, � and � can be got, so then the LOWESS smoothing

value can be finally calculated.

Next step is to calculate the residuals between smoothing value and actual value for Z-

score and 3� rule to detect outliers.Z-score performs well in single variable, smooth time

series data (e.g., constant speed rotation scenarios) (Yi & Zheng & Yang & Zhou & He,
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2024). And because the use of the Z-score follows the case where the data is in a normal

distribution (Yoseph, Heikkilä & Howard, 2019), the residual values are first tested to see

if they match the normal distribution or not. The distribution of the residual values is

shown in Figure 6, because the center value is located near the 0 point, the image is

gradually decreasing on both sides, left-right symmetric and the data has a bell shape, it

appears to be approximately normally distributed(Wesolowski and Musselwhite, 2018).

Figure 6. Distribution of residual values for the constant speed datasets

So as the residual value distribution roughly matches the normal distribution, the next step

is to use the Z-score with the 3� method for outlier selection. The formula of Z-score is

that

�� = ��−��
��

(6)

where �� is the standardized score for the �-th data point which also means degree of

deviation of data points, and �� is residuals, then �� and �� are the mean and standard

deviation of all residuals, respectively. Then in 3� rules, � stands for residuals, according

to the 3� rule, in a normally distributed dataset, 99.7% of the data points are expected to

fall within the range �±3�. The code system applies �� > 4, points with more than 4

times the standard deviation represents only take up 0.0063% of the total data. With this

threshold, sampling errors or stripe width anomalies can be strictly excluded to improve

the accuracy and robustness of outliers detection. The outliers detection figure for the

constant speed dataset is shown in Figure 7, where Figure 7(b) is partial figure of Figure

7(a). And it can be easily observed that most outliers are at intervals of 221 units.
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(a)

(b)

Figure 7. (a)Constant speed dataset outlier detection (b)Part of constant speed dataset

outlier detection

After detection, the interval units of most neighboring outliers are the same with the

number of black and white stripe groups in the zebra tape. This situation re- confirms that

the width of the black and white stripes located at the zebra tape joints is the main cause of

the error. And the most important thing is that the detection of outliers provides the basis

for subsequent normal angular displacement calculations in constant speed motion datasets.

Next for the sinusoidal speed datasets, the data were first processed using Gaussian

smoothing for the number of sampled points in the black and white stripe set, all of them

are implemented through math library in Python. Garcia’s research show that smoothing

methods based on the Discrete Cosine Transform (DCT) are essentially Gaussian filtering

in the frequency domain and it well suited for processing isometric data with cyclic

characteristics(Garcia, 2010). Therefore, it is more appropriate to use Gaussian smoothing
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in the sinusoidal dataset. The code uses a one-dimensional Gaussian function, and the first

step is to compute the Gaussian kernel, the formula is that:

G(m) = 1
2πσ

∙ �−m2

2σ2 m ∈ −k, + k (7)

and G(m) is the weight of the Gaussian kernel at offset m. Then m is the offset to the

center point, which is also the position index in relation to the current smoothed point. k is

the maximum offset from the center in the convolution window. A typical choice is

k= 3σ , σ is the standard deviation that determines the degree of smoothing and takes the

value of 3 in the code, which means that according to probabilistic theory 3σ covers about

99.7% of the weights and it is medium smoothing. Next, 1D Gaussian Convolution can be

applied based on the Gaussian kernel to produce a smoothing result, the formula is (8).

y� n = (f ∗ G) n = m=−k
k f n − m ∙ G m� (8)

y� n is the smoothing result, which also stands for the estimated value of the n-th stripe.

(f ∗ G) n convolution result and f is the original input signal. f n − m is the input value

when aligned with the kernel. Then the residuals can be calculated by subtracting the

smoothed result from the original value. The next step is to detect outliers. It was

mentioned in the previous section that Z-score is suitable for constant speed datasets, so

only the 3σ rule is used here to pick out outliers. It is worth noting that σ here is a different

value than the σ in the Gaussian smoothing method. But the 3σ rule is still best used under

the premise that the residuals are approximately normally distributed. So next we want to

examine the distribution of the residual values to test whether the classical 3σ rule can also

be used to detect outliers. Figure 8 illustrates a plot of the normal distribution of the

residual values.
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Figure 8. Normal Distribution of Residual Values for Sinusoidal Data Sets

Because the data distribution matches the characteristics of the normal distribution

mentioned in the previous section. So the 3σ rule is allowed to be used.The black and

white stripe group index is still used as the X-axis, and its corresponding number of

samples is still used as the Y-axis. Then after detection, Figure 9 shows the final result.

(a)

(b)

Figure 9. (a)Outlier detection for sinusoidal datasets (b)Part of outlier detection for

sinusoidal datasets

From the figure 9 (b), it is clear that the distance between most of outliers is still 221, but

there also exist few outliers may caused by other factors, that still can be detected.
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3.5 IAS Calculation

After outliers are picked out, the final step is calculation about IAS. In this part, code

system is still necessary to select the appropriate method for different kinds of datasets.

After calibrating the data, the IAS can be calculated using the formulas.

For the constant speed dataset, the data after picking out the outliers has been got. The

available constant speed data showed a cleaner constant speed trend, and the existing

literature states that a linear model is more appropriate when there is a linear or constant

speed trend in the data (Montgomery & Vining, 2012). So the code system then uses a

linear fitting method to correct for outliers and reconstruction the data. The formula of

linear fitting model is that:

��� = ��� + � (9)

where the ��� is the fitted estimate for the i-th pair of stripes, �� is the sequence of i-th pair

of stripes, and a and b are the slope and intercept. For slope a and intercept b, the code

system uses function ‘np.polyfit(x, y, 1)’ of NumPy Math Library from python. The linear

fitting model generates a fitted curve based on the clean values, combines the curve with

the horizontal coordinates of the outliers to predict their correct vertical coordinates which

is also the corrected values, and then replaces the original outliers values with the predicted

correct values. Visualized is in Figure 10,

Figure 10. Linear fitting model to correct outliers

it can be clearly observed that the values of the outliers are replaced with normal values.

Now there are two arrays in the system, one is the original data sequence which is the y-

values of Figure 7, and the other is the corrected data sequence. The next step begins the

IAS calculation process. Firstly it is necessary to define the independent variable α as the



21

correction factor, the formula is:

α = yfitted
yoriginal

(10)

and that indicate the ratio of angular displacement represented by the width of stripes.

Then estimate the average angular displacement of each stripe by α, Since each lap is 221

sets of black and white stripes, a lap is 360 degrees, so the correct angular displacement of

these is calculated as:

��������
� = 360°

�=1
221 ���

(11)

because the black and white stripe sets scanned in the first few groups of the first lap are

distorted by the number of data points recorded due to the acceleration of the mechanical

rotor when it first starts to rotate, the data from the first few black and white stripe pairs

can be ignored so the system starts counting from the third group. However, the data

sequence contains many loops of 221 sets of black and white stripes, the system calculates

the sum of the normal angular displacements for all complete laps and averages them.

Finally, the value of the average angular displacement value taking 5 significant digits is

1.6302 degrees for the constant speed dataset. After that, according to Formula (1), it is

known that IAS signal is ω and ������� is ∆φ. And the formula of ∆t is Formula (12).

∆t = Nc
fc

(12)

And Nc is sequence of data points for normal black and white stripe sets, and fc is the

frequency of motion of this device which is 100000 in the dataset. So the final IAS signal

can be calculated, so the IAS visualization as Figure 11 for this constant speed dataset.

Figure 11. IAS visualization of constant speed dataset
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And IAS data can be viewed at various points in the dataset. Also, the code system

calculates the mean value of IAS and the standard deviation of angular velocity, the mean

value of IAS is 1641.1419°/s and the standard deviation is 20.8469°/s. Standard deviation

stands for degree of fluctuation, and original IAS standard deviation is 26.8750°/s, the

reduction in standard deviation indicates that the IAS correction is working well.

Then for the data set of sinusoidal speed dataset, the code system uses Fourier fitting to

correct the data for the number of sampling points because there is a research shows that

Fourier-based sinusoidal units are effective in modeling repeating nonlinearities in time-

series data which validates their use for outliers correction in rotational data(Gashler &

Ashmore, 2014). The formula of Fourier fitting is Formula (13).

��(�) = �0 + �=1
� ����� ��� + ����� ���� (13)

It is noticed that there are two Fourier fitting functions in code system, the formula of them

is the same. But for the first one, it calculates the coefficients based on the data after

removing the outliers, ��(�) is the fitted value obtained on the existing clean data points.

Then �0 is constant term, �� is cosine term coefficient and �� is sinusoidal term coefficient,

these coefficients are what the first function calculated. k is the k-th harmonic and n is the

total number of harmonics used, which is 250 in the code. � is equal to 2π divided by T, T

is data period (total span of horizontal coordinates). The second one uses the resulted

coefficients to output the fitted values for replacing the outliers' values for the final

correction. So in the second Fourier fitting function, ��(�) is the number of sampling points

predicted for each x point, and T is calculated from ���� (location of original clean data).

The original x-coordinates are then substituted into the function to get the correct number

of sampling points. A visualization of the outliers being marked and replaced is shown in

Figure 12.
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Figure 12. Fourier fitting model to correct for outliers

After completing data correction, IAS calculation can start, however, the process of IAS

calculation for sinusoidal speed dataset is the same with constant speed dataset. The value

of the average angular displacement value taking 5 significant digits is 1.6113 degrees

through Formula (10) and Formula (11). This value is very similar to the one produced by

the constant speed dataset, and indirectly proves that both computational methods are valid

and accurate. Then IAS signal can be acquired by the Formula (1) and Formula (12)

calculated, the mean value of it is 1162.1464°/s, the standard deviation is 112.9947 °/s. The

original IAS standard deviation is1216.6183°/s, the great reduction of the standard

deviation indicates that the system performs very well in correcting this sinusoidal speed

dataset. The final IAS visualisation is shown in Figure 13.

Figure 13. IAS visualization of sinusoidal speed dataset

The code system will also provide an figure of the IAS signal data visualization for this

sinusoidal dataset. And the user can view the data information of any point.
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4 Multi-datasets experiments and Results

The system still needs to be tested on data sets with the same type of rotation ( constant

speed or sinusoidal) but under different conditions (frequency, speed or voltage) to verify

its usability. And these datasets information as shown in Table 3 and Table 4.

Table 3. Constant Speed Datasets With Other Conditions

Name Voltage [mv] revolutions per
minute [rpm]

sampling rate[hz]

Run 18 2400 700 100000
Run 31 900 279 25600
Run 36 2400 700 25600

Table 4. Sinusoidal Speed Datasets With Other Conditions

Name Highest Voltage
[mv]

Highest Voltage
[mv]

sampling rate[hz]

Run 56 1350 1050 100000
Run 58 1950 1650 100000
Run 64 1050 750 50000

For the dataset ‘Run 18’, after data cleaning and normal distribution validation, the

corrected angular displacement is 1.6302 degrees, and its mean IAS signal value is

4107.7661 °/s. After fitting, the dataset shows as Figure 14 (a), and IAS visualization is

Figure 14(b). The standard deviation before correction is 99.8395 °/s, corrected standard

deviation is 90.0685°/s, code system performs well.

(a) (b)
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Figure 14. (a)Fitted and Corrected Dataset of ‘Run 18’ (b) IAS Visualization for ‘Run 18’

For the dataset ‘Run 31’, after essential process, the corrected angular displacement is

1.6305 degrees, and its mean IAS signal value is 4107.7661 °/s. After fitting, the dataset

shows as Figure 15 (a), and IAS visualization is Figure 15 (b). The original standard

deviation is 44.3277°/s, corrected standard deviation is 33.1852 °/s, code system performs

well.

(a) (b)

Figure 15. (a)Fitted and Corrected Dataset of ‘Run 31’ (b) IAS Visualization for ‘Run 31’

For the dataset ‘Run 36’, the corrected angular displacement is 1.6302 degrees, and its

mean IAS signal value is 4206.0570 °/s. After fitting, the dataset shows as Figure 16 (a),

and IAS visualization is Figure 16 (b). The original standard deviation is 197.1814 °/s,

corrected standard deviation is 194.5959 °/s. The system eliminates all outliers due to butt

joint errors or similar outliers, the fluctuations have obvious reduction but not a lot based

on standard deviation.

(a) (b)

Figure 16.(a) Fitted and Corrected Dataset of ‘Run 36’ (b) IAS Visualization for ‘Run 36’

For the dataset ‘Run 56’, after essential process, the corrected angular displacement is

1.6301 degrees, and its mean IAS signal value is 2157.8921 °/s. After fitting, the dataset
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shows as Figure 17 (a), and IAS visualization is Figure 17 (b). The original standard

deviation is 113.1668°/s, corrected standard deviation is 105.7382 °/s. Although the system

removed extreme outliers, the fluctuations didn't drop too much.

(a) (b)

Figure 17.(a) Fitted and Corrected Dataset of ‘Run 56’ (b) IAS Visualization for ‘Run 56’

For the dataset ‘Run 58’, after essential process, the corrected angular displacement is

1.6299 degrees, and its mean IAS signal value is 3140.3290 °/s. After fitting, the dataset

shows as Figure 18 (a), and IAS visualization is Figure 18 (b). The original standard

deviation is 129.1851°/s, corrected standard deviation is 107.5613 °/s. The system also

performs well.

(a) (b)

Figure 18.(a) Fitted and Corrected Dataset of ‘Run 58’ (b) IAS Visualization for ‘Run 58’

For the dataset ‘Run 58’, after essential process, the corrected angular displacement is

1.6300 degrees, and its mean IAS signal value is 851.6744 °/s. After fitting, the dataset

shows as Figure 19 (a), and IAS visualization is Figure 19 (b). The original standard

deviation is 58.2664°/s, corrected standard deviation is 55.9631 °/s. The system clears all

exceptions caused by butt joint errors or other factors, but the standard deviation is slightly

reduced.
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(a) (b)

Figure 19.(a) Fitted and Corrected Dataset of ‘Run 64’ (b) IAS Visualization for ‘Run 64’

For all datasets (including 'Run 13' and 'Run 53'), the code system performed well overall.

For ‘Run 13’, ‘Run 18’, ‘Run 31’, ‘Run 53’, ‘Run 56’, ‘Run 58’, the system has shown an

obvious correction effect. But for ‘Run 36’ and ‘Run 64’, the system correction effect is

smaller, this shows that the correction is limited on some constant-speed data with high

rotational speed and low sampling rate and on sinusoidal data with low sampling frequency.

And dataset ‘Run 53’ performs special on angular displacement and standard deviation

difference.
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5 Discussion and Future Development

5.1 Discussion

The system that handles IAS shows good correction on most types of datasets. The system

handles errors mainly caused by errors at the zebra strip joints by means of adaptive

classification and outlier detection and correction techniques. This is valuable for

monitoring and analyzing data on rotating machinery in industry, and provides a

technological advancement over both traditional and cutting-edge methods.

The experimental results show that the system has effective processing in data with

different conditions (voltage, sampling rate, rotational speed), and its corrected normal

angular displacements are all around 1.6 degrees, this also proves the stability of the

system's correction effect. The effect of the calibration was less pronounced in two specific

datasets ('Run 36' and 'Run 64'). Combined with the visualization figures it can be seen that

the outliers caused by the tape joints are removed, but both datasets still contain outliers

that are similar to the normal values, which may be caused by other reasons in the low-

frequency environment. Then it can also be clearly seen that the anomalies caused by the

main reason have been removed and corrected. It is worth noting that in the dataset 'Run

53' the corrected angular displacement is 1.6113 degrees not around 1.630 degrees like

other datasets and the value of standard deviation is reduced by about 1000, which is

significantly different from the other datasets. It is possible that this is due to the lower

rotational speed, the abnormal black and white stripe tape contains more sampling points,

resulting in more corrected sampling points as well, then resulting in a larger correction

factor, and thus there is a smaller corrected angular displacement value. However, the

difference in values is small enough to be acceptable.

In summary, apart from slight variations in the extent to which the system performed well

in different situations, the system is more robust in terms of cleaning main errors and

making corrections, and generally performs well.
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5.2 Future Development

For its application, the current system is essentially a python code project and offline

processing, and it is far from being fully applied to the actual industry. It still needs to be

combined with some mechanical devices, and can be added to the code to realize the real-

time signal analysis of the data. More over, in real industrial applications, the data may

face more and more complex interference factors, such as electromagnetic interference,

and also need to consider the energy consumption or integration and other industrial

problems which they often faced. So the system can be expanded in the future by adding

more extensions to this lightweight framework to make it more suitable for real industrial

applications, which indirectly proves the scalability of the system's framework.

The abnormal detection algorithm in the system also has some room for improvement. In

system, it based on Z-score and 3σ rule to detect outliers, but the data needs to correspond

with normal distribution. From the system-generated visualization, it can be seen that the

data does not strictly conform to a normal distribution, and although the outliers caused by

the main reason are effectively removed, the effectiveness of the cleaning of other outliers

may be affected. DBSCAN or K-Means can be introduced, which is a clustering algorithm

that does not require distributional assumptions to identify outliers directly based on the

residual structure.Then if the output data in industry is complex, such as sampling points

varying over time, self-supervised learning models such as time-ordered variational

autocoders (VAEs) can learn on their own and provide good processing results.

However, this IAS signal processing system can be used not only as an accurate angular

velocity fetcher, but also it can be seen as an error correction module adapted to various

motion modes, signal qualities and sampling rates, which can be further expanded into a

sensing system for abnormal state monitoring of machinery. The LOWESS, Gaussian, and

Fourier algorithms in the system have lightweight computational complexity and can be

easily integrated into CNC machine tools, robots, or wind turbine spindle monitoring

systems to operate as edge intelligence modules. Most importantly, it is suitable for

multiple datasets and that make it be adapted to a variety of spindle operation modes.
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6 Conclusions

The main objective of this thesis is to design and implement a Python-based IAS analysis

system that can process the voltage signals collected by the photoelectric sensors to

achieve the detection of rotating machinery IAS and the correction of abnormal data. The

system classifies different types of datasets with adaptive functions and visualizes the

original data, as well as the data integrated with the number of sampling points of black

and white stripes to determine the cause of outliers. And LOWESS, Gaussian filtering, Z-

score and 3σ rule are applied to realize the fitting and outlier detection for different data

sets. The data are also corrected by using linear interpolation and Fourier fitting to obtain

normal angular displacements to calculate the final IAS. Combined with the analysis of the

experimental results from multiple data sets, the system performs well and achieves the

purpose of correction of angular displacements with accurate IAS calculations. As can be

seen from the experimental results, in most of the constant speed or sinusoidal fluctuation

datasets, the system successfully eliminates the outliers sampling points, such as the zebra

strip joints, and improves the accuracy of the angular displacements and the IAS

significantly. The corrected angular displacement value is basically stabilized at about 1.6

degrees. However, the correction is slightly weaker for datasets with low frequency

sampling rates.

Compared to traditional filter-based signal cleaning methods (e.g., low-pass filtering,

Kalman filtering), this study takes a classification with targeted fixing approach, which

enhances the automation of processing and data adaptability. And compared to deep

learning methods in recent years (e.g., GAN, VAE, etc.), this system maintains accuracy

while having lower computational complexity, which makes the system more suitable for

small device integration or embedded use.

The current system is an offline version implemented in Python and is not integrated into a

real-time industrial system due to the lack of a data interaction interface with the

mechanism. Moreover, the abnormal detection part of the system relies on the data obeying

an approximate normal distribution. The system can introduce methods such as DBSCAN

to deal with complex data distributions and use self-supervised learning models to enhance
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the learning ability of the model and the fault tolerance for other problems faced in rotating

machinery is still need to be improved.

To sum up, this thesis shows an IAS analysis system for rotating machines that can achieve

good signal reconstruction in the existence of noise and abnormal disturbances (e.g., zebra

strip butt joints). The system balances accuracy and computational efficiency and has good

industrial adaptability and potential. The results provide a low-cost but high-accuracy

method for monitoring the condition of rotating machines.
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Appendix 1. Code and Datasets Link

https://github.com/litianhao738/THE-INSTANT-ROTATIONAL-SPEED-ANALYSIS-

SYSTEM.git
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