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Abstract

Random Telegraph Signals (RTSs) are discrete random fluctuations between dif-
ferent current levels that usually appear in short-channel Metal-Oxide-Semiconductor
Field Effect Transistors (MOSFETs). The statistical analysis of RTSs can facilitate the re-
liability assessment of short-channel MOSFETs. The accurate extraction of parameters
in terms of amplitude, level transition, and durations from RTSs is of great importance
to statistical analysis. However, background noise like Gaussian white noise or pink
noise usually coexists with RTSs, making statistical analysis challenging. Such RTSs
with background noise are noisy RTSs, which may contain level fluctuations in both lo-
cal areas and general trends. To alleviate the impact of background noise on noisy RTSs,
RTS reconstruction is usually applied to reconstruct pure RTS traces. The research on
RTS reconstruction mainly focuses on models for digitization and parameter extraction,
with comparatively limited emphasis on in-depth explorations of RTS denoising. To
study the impact of RTS denoising on RTS reconstruction, the research in this thesis ex-
plores various RTS denoising models and proposes two Denoising AutoEncoder (DAE)
models to enhance the performance of RTS denoising and further improve RTS recon-
struction.

The research in this thesis generates a synthetic training dataset of multi-level noisy
RTSs for DAE training. Four classical denoising models are implemented to compare
denoising performance with DAE models on a synthetic evaluation dataset. In addi-
tion, three two-level and one multi-level RTS reconstruction models are implemented
to validate further that RTS denoising cascading RTS reconstruction can enhance the
performance of RTS reconstruction. According to the experimental analysis, DAE mod-
els not only have state-of-the-art denoising performance of multi-level RTSs as far as
we know. Additionally, these models can dramatically enhance the performance of RTS
reconstruction, especially when the pink noise level is high.

iii



Acknowledgements

I would like to thank everyone who made this thesis possible.

First of all, I would like to express my sincerest thanks to my supervisor, Professor
Na Young Kim. Professor Kim gave me the opportunity to transfer from MEng to MASc
for research and provided all the support she could when I needed help. She respected
my research and provided me with opportunities to study in different fields.

Secondly, I would like to thank the committee members, Prof. Zhou Wang and Prof.
Mark Crowley, for their time. I am truly grateful for their reviews of my thesis.

I would like to thank Dr. HeeBong Yang for his guidance and advice on my research
project and thesis writing.

I would also like to thank the other members of QuIN Lab, Zhuoyang He, and Scott
Holtshouse. I would like to thank Steve Weiss of IQC Technology Services for his tech-
nical support. Thanks to my friend Bowen Li for his advice on my research. Finally, I
would like to thank my parents for their support and encouragement during my study
and thesis writing. I couldn’t have done this without them.

iv



Table of Contents

Author’s Declaration ii

Abstract iii

Acknowledgements iv

List of Figures viii

List of Tables xi

List of Abbreviations xii

1 Introduction 1

2 Background Noise in RTS 5

2.1 Stochastic Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.1 Stationarity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.2 Probability Density Function . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Power Spectral Density . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 Background Noise coexist with RTSs . . . . . . . . . . . . . . . . . . . . . . 7

2.3.1 Gaussian white noise . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.3.2 Pink Noise . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

v



2.3.3 Noisy RTSs in the real world . . . . . . . . . . . . . . . . . . . . . . 10

2.4 Generation of synthetic noisy RTSs . . . . . . . . . . . . . . . . . . . . . . . 10

2.5 Categories of RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.5.1 Normal RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.5.2 Anomalous RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.6 Noise level range for recognizable RTSs . . . . . . . . . . . . . . . . . . . . 14

3 RTS Denoising Models 18

3.1 Moving Average Filtering . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.2 Fast Fourier Transform Denoising . . . . . . . . . . . . . . . . . . . . . . . . 19

3.3 Discrete Wavelet Transform Denoising . . . . . . . . . . . . . . . . . . . . . 21

3.4 Empirical Mode Decomposition Denoising . . . . . . . . . . . . . . . . . . 21

3.5 Denoising Autoencoder Denoising . . . . . . . . . . . . . . . . . . . . . . . 23

3.5.1 Convolutional Neural Networks . . . . . . . . . . . . . . . . . . . . 23

3.5.2 Long Short-Term Memory . . . . . . . . . . . . . . . . . . . . . . . . 27

3.5.3 Denoising Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.5.4 Denoising Autoencoder based on Fully Connected Networks . . . 31

3.5.5 Denoising Autoencoder based on U-Net and Bi-LSTM . . . . . . . 32

4 RTS Denoising Experiments and Analysis 35

4.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.2 Experiment Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.3 Root Mean Squared Error . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.4 Signal-to-noise Ratio . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.5 Denoising Visualization Analysis . . . . . . . . . . . . . . . . . . . . . . . . 46

4.6 Ablation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.6.1 Effect of Bi-LSTM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.6.2 Effect of skip connection . . . . . . . . . . . . . . . . . . . . . . . . . 60

vi



5 RTS Reconstruction Models 62

5.1 Two-level RTS reconstruction . . . . . . . . . . . . . . . . . . . . . . . . . . 62

5.1.1 Convolutional Filtering Reconstruction . . . . . . . . . . . . . . . . 62

5.1.2 Discrete Wavelet Transform Reconstruction . . . . . . . . . . . . . . 63

5.1.3 Hidden Markov Model Reconstruction . . . . . . . . . . . . . . . . 65

5.1.4 Digitization for Two-Level Reconstruction . . . . . . . . . . . . . . 65

5.2 Multi-level RTS reconstruction . . . . . . . . . . . . . . . . . . . . . . . . . 67

6 Enhancement of RTS Reconstruction by DAE Denoising 70

6.1 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.2 Evaluation metrics for RTS reconstruction . . . . . . . . . . . . . . . . . . . 71

6.2.1 Amplitude Error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.2.2 Digitization Error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.2.3 Tau Error . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.3 Experiment Details . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.4 Two-level RTS Reconstruction Analysis . . . . . . . . . . . . . . . . . . . . 74

6.5 Multi-level RTS Reconstruction Analysis . . . . . . . . . . . . . . . . . . . . 76

7 Conclusion 79

References 81

vii



List of Figures

1.1 Parameters of a two-level RTS . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Comparison between pure RTSs and noisy RTSs with background noise . 3

2.1 Signal trace, PDF, and PSD of a Gaussian white noise . . . . . . . . . . . . 8

2.2 Signal trace, PDF, and PSD of a pink noise . . . . . . . . . . . . . . . . . . . 9

2.3 Real RTS signal traces sampled from MOSFETs . . . . . . . . . . . . . . . . 10

2.4 Generation of noisy RTSs with Gaussian white noise . . . . . . . . . . . . . 11

2.5 Generation of noisy RTSs with pink noise . . . . . . . . . . . . . . . . . . . 12

2.6 Signal traces and PDFs of 1-trap RTSs with different noise levels . . . . . . 14

2.7 Signal traces and PDFs of 2-trap RTSs with different noise levels . . . . . . 15

2.8 Signal traces and PDFs of 3-trap RTSs with different noise levels . . . . . . 15

2.9 Signal traces and PDFs of coupled RTSs with different noise levels . . . . . 16

2.10 Signal traces and PDFs of metastable RTSs with different noise levels . . . 16

2.11 Signal traces and PDFs of missing-level RTSs with different noise levels . 17

3.1 Fast Fourier Transform denoising flowchart . . . . . . . . . . . . . . . . . . 20

3.2 Discrete Wavelet Transform denoising flowchart . . . . . . . . . . . . . . . 22

3.3 Empirical Mode Decomposition denoising flowchart . . . . . . . . . . . . 25

3.4 Example of one-dimensional convolution . . . . . . . . . . . . . . . . . . . 26

3.5 Example of one-dimensional max pooling . . . . . . . . . . . . . . . . . . . 27

3.6 Example of one-dimensional transpose convolution . . . . . . . . . . . . . 28

viii



3.7 Architecture of an LSTM cell . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.8 Architecture of Bi-LSTM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.9 Architecture of general DAE . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.10 Architecture of DAE FCN . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.11 Architecture of DAE UBL . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.1 RMSEs of 1-trap RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.2 RMSEs of 2-trap RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3 RMSEs of 3-trap RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.4 RMSEs of coupled RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5 RMSEs of missing-level RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.6 RMSEs of metastable RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

4.7 SNRs of 1-trap RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.8 SNRs of 2-trap RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.9 SNRs of 3-trap RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.10 SNRs of coupled RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.11 SNRs of missing-level RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.12 SNRs of metastable RTSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

4.13 Denoising plot of 1-trap RTS with pink noise . . . . . . . . . . . . . . . . . 54

4.14 Denoising plot of 1-trap RTS with Gaussian white noise . . . . . . . . . . . 54

4.15 Denoising plot of 2-trap RTS with pink noise . . . . . . . . . . . . . . . . . 55

4.16 Denoising plot of 2-trap RTS with Gaussian white noise . . . . . . . . . . . 55

4.17 Denoising plot of 3-trap RTS with pink noise . . . . . . . . . . . . . . . . . 56

4.18 Denoising plot of 3-trap RTS with Gaussian white noise . . . . . . . . . . . 56

4.19 Denoising plot of coupled RTS with pink noise . . . . . . . . . . . . . . . . 57

4.20 Denoising plot of coupled RTS with Gaussian white noise . . . . . . . . . 57

4.21 Denoising plot of missing-level RTS with pink noise . . . . . . . . . . . . . 58

4.22 Denoising plot of missing-level RTS with Gaussian white noise . . . . . . 58

ix



4.23 Denoising plot of metastable RTS with pink noise . . . . . . . . . . . . . . 59

4.24 Denoising plot of metastable RTS with Gaussian white noise . . . . . . . . 59

4.25 Performance comparison between DAE and DAE+Bi-LSTM . . . . . . . . 60

4.26 Performance comparison between DAE+Bi-LSTM and DAE UBL . . . . . 61

5.1 Convolutional filtering reconstruction process . . . . . . . . . . . . . . . . 64

5.2 Discrete wavelet transform reconstruction process . . . . . . . . . . . . . . 66

5.3 Hidden Markov model reconstruction process . . . . . . . . . . . . . . . . 67

5.4 Two-level RTS digitization process . . . . . . . . . . . . . . . . . . . . . . . 67

5.5 Three-step analysis protocol architecture . . . . . . . . . . . . . . . . . . . . 69

6.1 Two-level RTS reconstruction process . . . . . . . . . . . . . . . . . . . . . 73

6.2 Multi-level RTS reconstruction process . . . . . . . . . . . . . . . . . . . . . 74

x



List of Tables

4.1 Statistics of the synthetic training dataset . . . . . . . . . . . . . . . . . . . 36

4.2 Statistics of an RTS category in synthetic training dataset . . . . . . . . . . 36

4.3 Statistics of the synthetic evaluation dataset . . . . . . . . . . . . . . . . . . 37

4.4 Statistics of an RTS category in synthetic evaluation dataset . . . . . . . . . 37

4.5 Trainable parameters of DAE denoising . . . . . . . . . . . . . . . . . . . . 38

4.6 Ablation study of DAE UBL . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

6.1 Statistics of the synthetic evaluation dataset for two-level RTS reconstruc-
tion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.2 Statistics of the synthetic evaluation dataset for multi-level RTS recon-
struction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.3 Reconstruction errors of CF reconstruction . . . . . . . . . . . . . . . . . . 75

6.4 Reconstruction errors of DWT reconstruction . . . . . . . . . . . . . . . . . 75

6.5 Reconstruction errors of HMM reconstruction . . . . . . . . . . . . . . . . 76

6.6 Successfully processed samples of three-step analysis protocol . . . . . . . 77

6.7 Digitization errors of three-step analysis protocol . . . . . . . . . . . . . . . 77

6.8 Tau high errors of three-step analysis protocol . . . . . . . . . . . . . . . . 78

6.9 Tau low errors of three-step analysis protocol . . . . . . . . . . . . . . . . . 78

xi



List of Abbreviations

aRTS Anomalous random telegraph signal 13, 35, 79

Bi-GRU bidirectional gated recurrent units 68, 69, 73

Bi-LSTM bidirectional long short-term memory 29, 32, 34, 53, 60

CF Convolutional filtering 62, 72, 74, 76, 80

CNN Convolutional Neural Network 23, 25–27, 31

DAE Denoising Autoencoder 4, 18, 23, 29, 31, 32, 38, 39, 46, 53, 60, 72, 79, 80

DAE FCN Denoising autoencoder based on fully connected networks 31, 32, 38, 39, 46,
53–59, 79

DAE UBL Denoising autoencoder based on U-Net and Bi-LSTM 32, 34, 38, 39, 46, 53–
60, 73–80

DFT Discrete Fourier transform 19, 20

DWT Discrete wavelet transform 21, 38, 63, 72, 75, 76, 79, 80

EMD Empirical mode decomposition 21, 23, 38, 79

FCN fully connected networks 31

FFT fast Fourier transform 20, 38, 79

FT Fourier transform 6, 19

xii



GMM Gaussian mixture model 68

HMM Hidden Markov model 65, 72, 75, 76, 80

IC integrated circuit 1

IDFT inverse discrete Fourier transform 19, 21

IFFT inverse fast Fourier transform 20

IMFs intrinsic mode functions 21, 23

KDE kernel density estimation 19, 68

LSTM long short-term memory 27–29

MA Moving average 18, 19, 38, 46, 53–59, 68, 79

MOSFETs metal-oxide-semiconductor field effect transistors 1, 2, 10, 12

MSE mean squared error 32, 34, 38

nRTS normal random telegraph signal 13, 35, 79

PDF Probability density function 6, 7, 13, 14, 68

PMOS p-channel metal–oxide–semiconductor 10

PSD Power spectral density 6, 7

ReLU rectified linear unit 26, 31, 32

RMSE root mean squared error 38, 39, 46, 53, 60, 79

RNN recurrent neural network 27, 68, 69

RTS random telegraph signal 2, 4, 10–14, 18, 20, 21, 23, 31, 32, 35, 38, 39, 46, 53, 60,
62–65, 67–80

SNR signal-to-noise ratio 38, 39, 46, 53, 79

xiii



Chapter 1

Introduction

Electronic devices have become essential to telecommunication, health care, automa-
tion, energy management, and many other areas. These devices control the flow of
electrical currents for specific functions. Electronic devices encompass a wide range of
devices in our daily lives, such as televisions, computers, and headphones. An elec-
tronic device comprises many electronic components that are basic discrete devices or
physical entities in an electronic system used to affect electrons or their associated fields
[1]. Active components, one of the two main categories of electronic components, are
electronic components that can actively amplify, switch, or control electrical signals.
Active components include transistors, integrated circuit (IC), diodes, and some other
components. The invention of IC has enabled the miniaturization of electronic devices
by integrating a large number of electronic components into a small chip. Miniatur-
ization can significantly decrease the size, cost, and power consumption of electronic
devices while improving their performance.

Although ICs are composed of many different categories of electronic components,
metal-oxide-semiconductor field effect transistors (MOSFETs) are one of the most im-
portant electronic components in ICs. MOSFETs have served as the main category of
transistors in ICs for the past two decades [61]. Four terminal devices are in MOSFETs:
source, drain, gate, and body. The source is the terminal device where charge carri-
ers enter the channel between the source and the drain. The drain is the terminal device
where charge carriers exit the channel. The gate is a metal electrode whose voltage (gate
voltage) controls the current and width of the channel. The body is usually connected
to the source in most MOSFETs.

Because of the fabrication process, device dimensions, temperature, and bias, tem-
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poral fluctuation (noise) becomes one of the accuracy-limiting factors [50]. The channel
current in MOSFETs can be affected by various temporal fluctuations, including ran-
dom telegraph signal (RTS), thermal noise, Gaussian white noise, pink noise, and other
fluctuations. RTSs are discrete random fluctuations or switching events as a function of
time [9], which is usually a significant concern in short-channel MOSFETs. These fluc-
tuations are randomly caused by charge carrier trapping and de-trapping in the oxide
layer [3][5]. In recent years, the study and observation of RTSs have been emphasized
more heavily to assess the reliability of MOSFETs [35][53][58] and generate the true ran-
dom numbers [7].

The simplest two-level RTSs are frequently encountered as a single carrier stochastic
process that switches between two distinct low and high levels [65]. Three parameters
in Fig.1.1 are significant in two-level RTS analysis. The transition amplitude ∆RTS refers
to the difference between low and high levels of a two-level RTS. τhigh and τlow denote
individual durations for the high and low levels. By collecting all individual durations,
τ̄high and τ̄low can be obtianed by fitting Poisson function [56]. Compared to two-level
RTSs, multi-level RTSs are more complex signals with multiple discrete levels and traps.

𝑯𝒊𝒈𝒉	𝒍𝒆𝒗𝒆𝒍

𝑳𝒐𝒘	𝒍𝒆𝒗𝒆𝒍

∆𝐑𝐓𝐒

𝛕𝐡𝐢𝐠𝐡

𝛕𝐥𝐨𝐰

Figure 1.1: Parameters of a two-level RTS

The statistical analysis is straightforward for pure two-level and multi-level RTSs.
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Figure 1.2: Comparison between pure RTSs and noisy RTSs with background noise
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We can directly apply statistical analysis on the pure RTS in the time domain to ex-
tract parameters easily. However, for noisy RTSs in the real application, unwanted
background noise that coexists with two-level and multi-level RTSs make the analysis
challenging. Common background noise that coexist with RTS include Gaussian white
noise [24] [33] and pink noise [5][47]. The details of these two types of background
noise can be found in section 2.3. Fig.1.2 displays the comparison between two pure
RTSs (Fig.1.2(a), Fig.1.2(c)) and related noisy RTSs with Gaussian white noise and pink
noise (Fig.1.2(b), Fig.1.2(d)). According to the figure, Gaussian white noise and pink
noise have covered the signal traces of two pure RTSs and increased the difficulty of
identifying level transitions.

To successfully analyze noisy RTSs, it is necessary to implement the RTS reconstruc-
tion. Most studies focus on digitization and parameter extraction methods during re-
construction, but few look into RTS denoising. As a preprocessing process, an effective
RTS denoising model can greatly contribute to RTS reconstruction and even other types
of RTS analysis. With this motivation, we propose two models based on Denoising
Autoencoder (DAE) for two-level and multi-level RTS denoising with state-of-the-art
performances as far as we know and they can even enhance the performance of RTS
reconstructions. In addition, these models are easy to implement with fewer predefined
parameters but have better robustness compared to the previous denoising models.

The research in this thesis investigates the denoising model for synthetic noisy RTSs
in depth and verifies the enhancement of the denoised signal for RTS analysis. Chap-
ter 2 explores background noise characteristics and generation of noisy RTSs. Chapter
3 introduces four traditional denoising models and proposes two new DAEs for RTS
denoising. In Chapter 4, the focus turns to denoising errors for all models. A thorough
analysis of the denoising errors is provided to reveal the potential advantages of the
two DAE models. Chapter 5 introduces RTS reconstruction models for two-level and
multi-level RTS reconstructions. Finally, Chapter 6 analyzes the reconstruction errors of
these reconstruction models in detail to validate the enhancement of RTS reconstruction
when applying a DAE as a preprocessing technique.
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Chapter 2

Background Noise in RTS

2.1 Stochastic Process

In real-world signal processing, it is ubiquitous that some background noises coexist
with the pure signal and make signal acquisition and analysis challenging. Stochastic
processes can describe and model different background noise. A stochastic process is a
collection of random variables in the same probability space [41], where random vari-
ables are variables determined by chance or randomness. A stochastic process zt on
domain T can be stated as.

p(zt1 , ..., ztm) (2.1)

for all t1, ..., tm ∈ T .

2.1.1 Stationarity

Stationarity is one of the fundamental properties of stochastic processes. A stochastic
process z(t) on a domain T is strictly stationary if its statistical properties are invariant
over time, which can be stated as [22],

p(zt1 , ..., ztm) = p(zt1+h , ..., ztm+h) (2.2)

for all t1, ...tm, h ∈ T . Because of the fixed statistical parameters, stationarity allows us
to get insights from stochastic processes with limited samples.
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2.1.2 Probability Density Function

Probability density function (PDF), denoted as f (x), is a function that describes the
probability distributions of a continuous random variable. Given a PDF, the probability
of a random variable x can be calculated as [26],

P(x0 ≤ x ≤ x1) =
∫ x1

x0

f (x)dx (2.3)

where x is a continuous variable, and [x0, x1] is the specific range of x. f (x) must meet
the following equations to ensure its validity.

f (x) ≥ 0, , ∀x (2.4)∫ +∞

−∞
f (x)dx = 1 (2.5)

2.2 Power Spectral Density

Power spectral density (PSD) is a frequency-domain method for measuring power dis-
tributions with a specific range of frequencies. PSD can be calculated by applying
Fourier transform (FT) which can convert the signal from the time domain to the fre-
quency domain. It is typically expressed in units such as watts per hertz (W/Hz) or
decibels per hertz (dB/Hz). For a signal x(t), PSD can be calculated as [34],

Sx( f ) = lim
T→∞

|X( f )|2
T

(2.6)

where Sx( f ) is the PSD of x(t), T is the duration of the signal, X( f ) is the FT of x(t),
and f is the frequency of x(t). X( f ) can be calculated as.

X( f ) =
∫ T

2

− T
2

x(t)e−2π f tdt (2.7)
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2.3 Background Noise coexist with RTSs

2.3.1 Gaussian white noise

Gaussian white noise is a type of ubiquitous background noise that follows the Gaussian
distribution and has the same intensity or power throughout the frequency spectrum.
However, the frequency range is typically constrained due to system or measurement
limitations. In practice, noise can be considered Gaussian white noise as long as it has
the same intensity or power across a specific frequency range. Gaussian white noise
is strictly stationary [27] with constant mean µwn and standard deviation σwn. Fig.2.1
display the signal trace, PDF, and log scale PSD of Gaussian white noise with 1,000,000
time steps, µwn = 0, and σwn = 1. The PDF of Gaussian white noise can be calculated
as,

fG(Iwn) =
1

σwn
√

2π
e
− I2

wn
2σ2

wn (2.8)

where Iwn is the current intensity of the Gaussian white noise. The PDF in Fig.2.1(b)
is estimated by a histogram with 200 bins. It can be seen from the figure that PDF of
Gaussian white noise obeys the Gaussian distribution. The log scale PSD in Fig.2.1(c)
is estimated by Welch’s method [62] with a sampling frequency of 10,000 Hz and 1,024
steps for each segment. According to the figure, the density fluctuates around a con-
stant from 0 Hz to 5,000 Hz, the largest undistorted interval obtained with a sampling
frequency of 10,000 Hz.

2.3.2 Pink Noise

Pink noise, also known as 1/ f noise, is a random signal whose PSD is inversely pro-
portional to frequency. Pink noise does not strictly follow the Gaussian distribution.
However, since pink noise is the sum of many random processes, its probability dis-
tribution still tends to approximate the Gaussian distribution. Due to the mean and
standard deviation of pink noise are not constant, pink noise is not stationary. Fig.2.2
displays the signal trace, PDF, and log scale PSD of pink noise with 1,000,000 time steps
and σpn = 1. The PDF in Fig.2.2(b) is estimated by a histogram with 200 bins. It can be
seen that PDF is similar to a Gaussian distribution with µpn ̸= 0. The log scale PSD in
Fig.2.2(c) is estimated by Welch’s method [62] with a sampling frequency of 10,000 Hz
and 1,024 steps for each segment. According to the figure, the PSD decreases linearly as
the frequency increases.
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Figure 2.1: Signal trace, PDF, and PSD of a Gaussian white noise
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Figure 2.2: Signal trace, PDF, and PSD of a pink noise
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2.3.3 Noisy RTSs in the real world

In order to explore the impact of these background noise on pure RTS trace, Fig.2.3
shows two real noisy RTSs with a signal length of 5000 sampled from a 28nm p-channel
metal–oxide–semiconductor (PMOS), a type of MOSFETs. It can be seen from the figure
that the signal traces of the two real noisy RTSs are more obviously affected by pink
noise than white noise. This is mainly because the signal traces contain obvious general
trend fluctuations, which can only be caused by pink noise (explained in 2.4). However,
we cannot ignore the local fluctuations caused by Gaussian white noise and pink noise.
In order to simulate real RTSs, synthetic noisy RTSs will be generated for RTS denoising
and reconstruction in the next section.
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0.51V, Drain voltage=-0.01V)

Figure 2.3: Real RTS signal traces sampled from MOSFETs

2.4 Generation of synthetic noisy RTSs

A noisy RTS is usually assumed to be the addition of a pure RTS and a background
noise. The current intensity I(t) of a synthetic noisy RTS at signal step t can be calculated
as,

I(t) = IRTS(t) + σn In(t) (2.9)

where IRTS(t) is the current intensity of the pure RTS at signal step t, σn is the standard
deviation of the background noise, In(t) is the current intensity of the background noise.
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Qn is defined to represent the background noise level which can be calculated as,

Qn =
σn

min{1,2...,Ntraps}(∆RTS,i)
(2.10)

where Ntraps is the trap number of an RTS, ∆RTS,i is the transition amplitude of the
ith trap. Qn can be Gaussian white noise level Qwn or pink noise level Qpn, σn can
be Gaussian white noise standard deviation σwn or pink noise standard deviation σpn.
Therefore, I(t) can also be calculated as,

I(t) = IRTS(t) + min{1,2...,Ntraps}(∆RTS,i)Qn In(t) (2.11)

when Ntraps = 1, which means for two-level RTSs, I(t) can also be calculated as.

I(t) = IRTS(t) + ∆RTSQn In(t) (2.12)
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Figure 2.4: Generation of noisy RTSs with Gaussian white noise

According to Eq.2.11, a synthetic noisy RTS with Gaussian white noise or pink noise
can be generated as training and evaluation data for denoising models. Fig.2.4 shows
the generations of synthetic noisy RTSs with Qwn = 20% and 60%. Fig.2.4(a) and Fig.2.4(d)
are pure two-level RTS traces in the time domain. Fig.2.4(b) and Fig.2.4(e) are the
Gaussian white noise traces generated according to ∆RTS and Qwn of two-level RTSs .
Fig.2.4(c) and Fig.2.4(f) are the additions of the pure RTS and the Gaussian white noise,
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Figure 2.5: Generation of noisy RTSs with pink noise

which are synthetic noisy RTSs. According to the figures, as Qwn increases, the larger
the level fluctuations appear in the synthetic noisy RTSs. Furthermore, when Qwn =
60%, the amplitude of the Gaussian white noise has already exceeded ∆RTS. According
to Fig.2.4(c) and Fig.2.4(f), it is evident that the Gaussian white noise only causes local
fluctuations of the RTS.

Fig.2.5 displays the generations of synthetic noisy RTSs when Qpn = 20% and 60%.
The level fluctuations RTSs with pink noise are positively correlated with Qpn. Pink
noise has a more complex impact on RTSs than Gaussian white noise because pink
noise not only creates fluctuations in the local areas of RTSs but also influences the
general trends of RTSs. When Qpn is small, the synthetic noisy RTS trace in Fig.2.5(c)
still fluctuates near the pure RTS trace. When Qpn is large, the synthetic noisy RTS traces
in Fig.2.5(f) deviate from the general trends of the pure RTS traces. Therefore, synthetic
noisy RTSs with pink noise are more challenging to analyze than those with Gaussian
white noise.

2.5 Categories of RTSs

RTSs that appear in MOSFETs are not only two-level RTSs but also include multi-level
RTSs that have multiple levels and traps. The analysis and processing of multi-level
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RTSs are challenging due to their complex statistical properties, which are much more
intricate than two-level cases. To provide a comprehensive understanding of the vari-
ous categories of RTSs, a detailed introduction is included in this section to clarify six
categories of two-level and multi-level RTSs discussed in this thesis.

2.5.1 Normal RTSs

Three categories of normal random telegraph signal (nRTS) are introduced, including
1-trap, 2-trap, and 3-trap RTSs. 1-trap RTSs are the same as two-level RTSs. Fig.2.6(a)
and Fig.2.6(d) display the signal trace and PDF of a pure 1-trap RTS. According to the
figure, it can be seen that the 1-trap RTS has two peaks representing the low level and the
high level, which are consistent with the properties of a two-level RTS. The theoretical
number of PDF peaks for multi-level RTSs can be calculated as,

Npeaks = 2Ntraps (2.13)

where Npeaks is the number of PDF peaks, and Ntraps is the number of traps. According
to Fig.2.7(d) and Fig.2.8(d), Npeaks of pure 2-trap and 3-trap RTSs are 4 and 8, respec-
tively. Combining the observations of Ntraps and Npeaks, it can be seen that as Ntraps
increases, the complexity (Npeaks) of nRTS increases exponentially.

2.5.2 Anomalous RTSs

Anomalous random telegraph signal (aRTS) occurs when unanticipated anomalies dis-
rupt the consistent current level transition, resulting in RTSs that require closer inspec-
tion. In this thesis, three categories of aRTSs are considered according to observable
features [60][66]. The first category is metastable RTSs, which can be described as a
1-trap aRTSs with two distinctive zones exhibiting opposite τ̄high and τ̄low. Fig.2.10(a)
shows the signal trace of a metastable RTS. According to the figure, zone A and zone
B are dominated by high level (τ̄high > τ̄low) and low level (τ̄high < τ̄low), respectively.
The other two categories are multi-level aRTSs. Only Ntraps = 2 is considered in the
research. The first multi-level aRTSs is coupled RTSs, ∆RTS of each trap is influenced
by the state of the other trap (Fig.2.9(a) and Fig.2.9(d)). The second multi-level aRTS,
missing-level RTS, is a special case of coupled RTSs. In a 2-trap missing-level RTS, one
level is missing, resulting in only three levels in the RTS (Fig.2.11(a) and Fig.2.11(d)).
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2.6 Noise level range for recognizable RTSs

According to the observation in Section 2.4, it has been established that when Qwn or
Qpn is equal to 60%, amplitude of background noise are even greater than those of two-
level RTSs. This phenomenon also occurs in multi-level RTSs. According to Fig.2.6 to
Fig.2.11, the impact of background noise on PDFs for two-level and multi-level RTSs is
examined for RTSs when Qwn = 20% and Qpn=60% to provide further insight into how
background noise affects PDF peaks of RTSs. When Qwn = 20%, PDFs of RTSs spread
from the concentration of several intensities to a specific range. Except for 1-trap cases
(1-trap and metastable), which still maintain the correct peaks number, other categories
of RTSs have some peaks covered due to level fluctuations. When Qpn = 60%, PDFs of
most RTSs have only one prominent peak, which means that the fluctuation of RTS has
been covered by background noise. Therefore, only Qwn ≤ 60% and Qpn ≤ 60% are
considered to ensure that RTSs still keep some characteristics of their category.
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Figure 2.6: Signal traces and PDFs of 1-trap RTSs with different noise levels
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Figure 2.7: Signal traces and PDFs of 2-trap RTSs with different noise levels
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Figure 2.8: Signal traces and PDFs of 3-trap RTSs with different noise levels
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Figure 2.9: Signal traces and PDFs of coupled RTSs with different noise levels
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Figure 2.10: Signal traces and PDFs of metastable RTSs with different noise levels
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Figure 2.11: Signal traces and PDFs of missing-level RTSs with different noise levels

17



Chapter 3

RTS Denoising Models

To analyze noisy RTSs efficiently and comprehensively, RTS reconstruction is usually
applied to uncover features from noisy RTSs. Although there have been many related
studies on RTS reconstruction, most of them mainly focus on digitization and statistical
analysis [23][38][44][45][46][65]. In fact, RTS denoising, a widely used preprocessing
technique, plays an important role in the performance of RTS reconstruction. To delve
deeper into RTS denoising, we propose two DAEs to achieve superior denoising per-
formance. Four classical denoising models are also introduced for comparison in this
chapter.

3.1 Moving Average Filtering

Moving average (MA) filter, the simplest and easiest digital filter [32], is widely applied
for one-dimensional signal denoising [43][52][54]. The algorithm details of MA filtering
are shown in Algorithm 1. In general, MA filtering is capable of smoothing the noisy
signal by sliding a window onto valid signal points and assigning the average intensi-
ties to each point. The window size L can be successfully estimated from the noise level
[48],

L = floor[60 · tan−1(
σnest

4π
)] (3.1)

where σnest is the standard deviation of the background noise. For RTS denoising, MA
filtering was utilized as a time domain filtering technique to increase the Lorentzian
spectrum detection rate in [18]. MA filtering was also applied to uncover density peaks
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from background noise before performing kernel density estimation (KDE)[48][63][64].
However, MA filtering has limitations in effectively denoising signals with high noise
levels and keeping the edge sharpness of the signal.

Algorithm 1 Moving Average Filtering

1: Input: Noisy RTS x, window size L where L ≤len(x)
2: Output: Denoised RTS xdenoised
3: procedure MA FILTERING(x, L)
4: Initialize an empty 1D array xdenoised where len(xdenoised) = len(x)
5: Initialize a sum variable S = 0
6: for n = L to len(x) do
7: for i = 1 to L do
8: S← S + x[i]
9: end for

10: xdenoised[n]← S/L
11: end for
12: return xdenoised
13: end procedure

3.2 Fast Fourier Transform Denoising

Besides denoising models in the time domain, there are also some denoising models in
the frequency domain. FT is one of the most prevalent models for signal denoising and
analysis [17][38][42][65]. Discrete Fourier transform (DFT) is the approximation of the
continuous Fourier Transform of a function [39]. It can convert a time domain signal
to a spectrum for analysis and reconstruct the signal from the frequency domain, called
inverse discrete Fourier transform (IDFT). The process of DFT can be defined as,

X[k] =
N−1

∑
m=0

x[m] · e−j 2π
N km (3.2)

where X[k] represents the spectrum of the signal at frequency index k, and x[m] is the
signal intensities at signal step m. The process of IDFT can be defined as.

x[n] =
1
N

N−1

∑
k=0

X[k] · ej 2π
N kn (3.3)
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Although DFT provides precise frequency domain representation for discrete signals,
the algorithm is not efficient enough for processing signals with long signal lengths. The
time complexity of DFT is O(N2). To solve this problem, fast Fourier transform (FFT) is
proposed by Cooley and Tukey [12] to reduce the time complexity to O(NlogN).

Fig.3.1 and Algorithm 2 show the complete denoising procedure of FFT denoising
model. Given a noisy RTS (Fig.3.1, left), the algorithm computes the spectrum (Fig.3.1,
middle) through FFT. Since background noise tends to exhibit a lower intensity than
pure RTS, filtering frequency components with lower intensities by hard thresholding
is applied for denoising (rows 5 and 6 in Algorithm 2). The scale parameter s for the
threshold T is 1,000. Finally, the denoised RTS is reconstructed through inverse fast
Fourier transform (IFFT) (Fig.3.1, right).

Algorithm 2 FFT Denoising

1: Input: Noisy RTS x with signal length N, scale parameter s
2: Output: Denoised RTS xdenoised
3: procedure FFT DENOISING(x, s)
4: Compute the spectrum of the noisy RTS through FFT: X ← FFT(x)
5: Set the threshold T = max(x) - min(x) / s
6: Remove the intensity is lower than T: Xdenoised ← {0 if |X[k]| ≤ T, else X[k]}
7: Reconstruct the denoised RTS through IFFT: xdenoised ← IFFT(Xdenoised)
8: return denoised RTS xdenoised
9: end procedure
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Figure 3.1: Fast Fourier Transform denoising flowchart
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3.3 Discrete Wavelet Transform Denoising

Discrete wavelet transform (DWT) is an advanced frequency domain method that can
capture localized features in both time and frequency domains. DWT is capable of
decomposing the signal into a set of fixed wavelets, which are small, localized oscil-
lations in the time domain. DWT denoising is widely applied in signal processing
[2][13][14][23] due to its ability to analyze signals with different resolutions. Haar DWT
is applied here for RTS denoising. The process of DWT with Haar wavelets can be
considered as the decomposition of noisy RTS into approximation coefficients a[k] and
detail coefficients d[k],

a[k] =
x2k−1 + x2k√

2
1 < k ≤ N

2
(3.4)

d[k] =
x2k−1 − x2k√

2
1 < k ≤ N

2
(3.5)

where k is the signal step, x2k−1 is the RTS intensity of the signal step 2k− 1, and N
is the signal length of RTS. By iteratively applying Eq.3.4 and 3.5 to the approximation
coefficients, multi-level DWT can be achieved, which implements wavelet decomposi-
tions on multiple scales and resolutions.

Fig.3.2 and Algorithm 3 display the complete denoising procedure of the DWT de-
noising model. First, DWT decomposition is iteratively performed to obtain the approx-
imation and detail coefficients of all levels (row 4 in Algorithm 3). Then the denoising
threshold is calculated based on the detail coefficient of level j (row 5 and 6 in Algorithm
3). Soft thresholding is applied to remove noise components for all detail coefficients.
Finally, IDFT is used to transform the components into denoised RTS xdenoised. For RTS
denoising, the level of decomposition is 5.

3.4 Empirical Mode Decomposition Denoising

Empirical mode decomposition (EMD) is a data-driven method that does not require
predefined functions and parameters. EMD can adaptively decompose the signal into
intrinsic mode functions (IMFs), representing different intrinsic harmonics of the signal.
Therefore, EMD performs very well in decomposing non-stationary signals. The algo-
rithm details of EMD are shown as Algorithm 4. The algorithm returns a set of IMFs
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Algorithm 3 DWT Denoising

1: Input: Noisy RTS x with signal length N, the level of decomposition j
2: Output: Denoised RTS xdenoised
3: procedure DWT DENOISING(x, j)
4: Perform multi-level DWT decomposition to obtain approximation and detail co-

efficients A, D in all levels Ai, Di ← DWT(Ai−1)
5: Calculate σ = 1

0.6745median(|Dj − D̄j|)
6: Set the threshold T = σ

√
2 log L

7: Soft thresholding all detail coefficients Di[t] ← {0 if Di[t] ≤ T, else sign(Di[t]) ∗
(|Di[t]| − T)}

8: Reconstruct the denoised RTS through IDWT xdenoised ← IDWT(A, D)
9: return denoised RTS xdenoised

10: end procedure
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Figure 3.2: Discrete Wavelet Transform denoising flowchart
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and a residue by iteratively decomposing the input signal. Row 7 to 19 of Algorithm 5
shows how IMFs are calculated. First, the local extrema in the input signal are found
and divided into local maxima and local minima. The local maxima and local min-
ima are interpolated with the curve-fitting method [28] to obtain the upper and lower
envelopes, respectively. Then the IMFs candidate can be obtained by calculating the
difference between the input signal and the mean value of the envelope. IMFs have to
satisfy two characteristics:
1. The difference between extrema (maximum and minimum) and zero crossings must
be no more than 1.
2. The mean value of the envelope defined by the local maxima and minima must be
zero.
The characteristics of these two IMFs are also very important criteria to calculate IMFs.
If the result of candidates does not meet these two characteristics, it will not be consid-
ered as one of the IMFs (row 12 to 19 in Algorithm 4). Row 15 to 20 are mainly to collect
the results of decomposition based on different conditions. The algorithm will repeat
row 7 to 20 as long as r(t) is not a monotonic function and r(t) and m(t) have a high
amplitude.

Fig.3.3 and Algorithm 5 show the complete denoising procedure of the EMD denois-
ing adapted from [37]. After performing the above EMD processing on RTS, only IMFs
that are greater than or equal to the level threshold are retained and sum them with
the final residue r(t) to obtain the denoised RTS. The level threshold ϵ is 5. This ap-
proach can effectively remove relatively high-frequency background noise components
and retain relatively low-frequency RTS components.

3.5 Denoising Autoencoder Denoising

3.5.1 Convolutional Neural Networks

Convolutional Neural Network (CNN) is a neural network with convolution layers as
the core module. CNN can very efficiently extract features of one-dimensional or even
multi-dimensional signals and complete low-level and high-level tasks such as classifi-
cation, detection, segmentation, and denoising. There are several typical layers that are
widely applied in CNN to extract data. Convolutional layers, pooling layers, and trans-
pose convolutional layers that are applied by DAE models will be introduced below.
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Algorithm 4 Empirical Mode Decomposition

1: Input: Noisy signal x(t)
2: Output: Residue r(t), IMFs = {IMF1, IMF2 ... IMFn}
3: procedure EMD(x(t))
4: Initialize the residue r(t) as an empty signal
5: Initialize the composition level n = 1
6: while r(t) is not a monotonic function and r(t) and m(t) have high amplitude do
7: Find all local extrema values in x(t) including local maxima and local minima
8: Interpolate local maxima to obtain upper envelopes u(t)
9: Interpolate local minima to obtain lower envelopes l(t)

10: Calculate average of envelopes m(t) = u(t)+l(t)
2

11: Calculate the difference between signal/residue and average of envelopes
d(t) = x(t)−m(t)

12: if d(t) satisfies two IMF characteristics then
13: IMFn ← d(t)
14: Add IMFn to IMFs
15: n← n + 1
16: x(t)← d(t)
17: else
18: x(t)← d(t)
19: end if
20: r(t)← r(t) + d(t)
21: end while
22: return IMFs, r(t)
23: end procedure

Algorithm 5 EMD Denoising

1: Input Noisy RTS x(t), Level threshold ϵ
2: Output Denoised RTS x(t)denoised
3: procedure EMD DENOISING(x(t), ϵ)
4: IMFs, r(t) = EMD(x(t))
5: IMFs = {IMFϵ, IMFϵ+1, ... ,IMFn}
6: xdenoised = sum(IMFs) + r(t)
7: return xdenoised
8: end procedure
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Figure 3.3: Empirical Mode Decomposition denoising flowchart

Convolutional Layers

Convolutional layers are the most important building blocks of CNNs, accounting for
most of the parameters in CNNs. A convolutional layer contains several parameters,
including input data, kernels, and feature maps. In signal processing, the input of the
layer is a one-dimensional signal. In addition, the convolution layer also contains ker-
nels, also known as filters. The kernel is a one-dimensional weight array. The length
and width of kernels are usually the same odd numbers, and the kernel size also de-
termines the size of the receptive field. Fig.3.4 shows an example of one-dimensional
convolution. During convolution, the kernel slides at each input signal position accord-
ing to a certain stride. In this example, the stride equals to 1. In step 1, the dot product
of the input slice [a, b, c] and the kernel [ω1, ω2, ω3] is calculated as the first element of
the feature map. Then the same operation is applied to the input slice [b, c, d] in step 2
and obtains the second element of the feature map.

According to the above details of the convolutional layer, a convolutional layer can
extract features from the input data. When multiple convolutional layers are applied
to extract features from the input signal, different levels of features can be obtained
for analysis. Additionally, convolutional layers are more efficient than fully connected
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layers due to localized features and weight sharing. After each convolution operation,
an activation function is applied to the feature maps. An activation function is a function
that decides which neuron can be activated. It is usually a nonlinear function because it
can introduce nonlinear components to the neural network to enhance its representation
of complex features. The activation function applied in our model is rectified linear
unit (ReLU). ReLU sets all negative values to 0 for output and outputs positive values
directly to introduce nonlinearity effectively and discriminatively.
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Figure 3.4: Example of one-dimensional convolution

Pooling Layers

Pooling layers are the layers responsible for dimensionality reduction in a CNN. Al-
though the convolution layer has downsampled the input data to a certain extent, the
convolution process still requires a lot of calculations for signal or image data, resulting
in low network efficiency. Pooling layers apply sliding windows to move on the input
data at a certain stride and perform geometric operations on the data in each window
position to obtain results of dimensionality reduction. Therefore, pooling layers are in-
sensitive to fluctuations and noise in the input data, which can improve the robustness
of CNN.

The pooling layer applied in our models is the max pooling layer. Fig.3.5 shows an
example of one-dimensional max pooling. The window size of the max pooling is 2.
When the one-dimensional window slides to a certain position, the maximum value of
the overlapped areas is the element at the corresponding position in the output.
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Figure 3.5: Example of one-dimensional max pooling

Transpose Convolutional Layers

In some tasks, such as denoising and segmentation, we want to upsample the feature
map to an output of the same size as the input. Transpose convolutional layers are
a kind of upsampling layer in CNN that can learn automatically. In signal process-
ing, the input of the transposed convolutional layers is a one-dimensional feature map.
Fig.3.6 shows an example of one-dimensional transpose convolution. In step 1, the dot
products are calculated of the first element of the input a are all the kernel weights to
obtain the output [aω′1, aω′2, aω′3]. The same calculation is applied to element b and ob-
tain [bω′1, bω′2, bω′3] in step 2. The two outputs are added with an offset of 1 to obtain
a one-dimensional output [aω′1, aω′2 + bω′1, aω′3 + bω′2, bω′3]. The transpose convolution
performs the reverse operation relative to the convolution. However, transpose convo-
lution can only recover the size of the original input data and cannot really restore the
input of the convolution operation because the intensities of the elements are different.
Compared to other upsamplings with a fixed pattern, the transposed convolution can
learn the optimal pattern for a specific task based on the training data.

3.5.2 Long Short-Term Memory

Long Short-Term Memory cell

Traditional recurrent neural network (RNN) often suffers from gradient vanishing after
many recurrent steps, making them unable to capture long-term dependencies in the
sequence. long short-term memory (LSTM) [25], an advanced RNN architecture, solves
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Figure 3.6: Example of one-dimensional transpose convolution

this problem by introducing gating mechanisms. As shown in Fig.3.7, an LSTM cell
consists of three gates [40].

Forget Gate

The function of the forget gate is to determine how much information to forget from
long-term memory c(t− 1) of the previous cell state. Forget Gate Activation f (t) can be
calculated as.

ft = σ(W f · [xt, ht−1] + b f ) (3.6)

where σ is the sigmoid activation function, x(t) is the input sequence at signal step t,
W f is the weight of the forget gate, ht−1 is the hidden state at signal step t− 1 and b f is
the bias of the forget gate.

Input Gate

The function of the input gate is to determine how much information to store from
the current input x(t) and the hidden state ht−1 of the previous cell state. Input gate
activation i(t) and the cell candidate activation c̃(t) can be calculated as,

it = σ(Wi · [xt, ht−1] + bi) (3.7)

c̃(t) = tanh(Wc · [xt, ht−1] + bc) (3.8)

where tanh is the hyperbolic tangent activation function. After completing the above
calculations, update cell state c(t) can be calculated as.

c(t) = f (t) ∗ c(t− 1) + i(t) ∗ c̃(t) (3.9)
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Output Gate

The function of the output gate is to determine how much information to store from the
update cell state c(t) to generate the output o(t) and the hidden state h(t),

o(t) = σ(Wo · [xt, ht−1] + bo) (3.10)

h(t) = o(t) + tanh(c(t)) (3.11)

Through these three gates, LSTM cells can selectively forget past cell states and selec-
tively memorize new inputs to better control information flow and capture long-term
dependencies.

Bidirectional Long Short-Term Memory

Although LSTM has a good performance in time series prediction, it can only predict
the output of the current signal step based on information from previous signal steps.
In practical time series analysis, the output at the current signal step may still be related
to the information at the future signal steps. To enable LSTM to capture the time depen-
dencies bidirectionally, bidirectional long short-term memory (Bi-LSTM) was proposed
based on the architecture of [51]. Fig.3.8 shows the architecture of Bi-LSTM. Bi-LSTM
consists of a forward layer and a backward layer. The forward layer takes the starting
input of the sequence from the left, and the backward layer takes the starting input of
the sequence from the right. The output of Bi-LSTM is the concatenation of the out-
put of the backward layer and the output of the forward layer. For example, when the
signal step is equal to t, y(t) = concat(h′(0), h(t)). In summary, Bi-LSTM can obtain
more comprehensive and accurate sequence analysis results by processing sequences
bidirectionally. Therefore, one of our models also introduces Bi-LSTM to improve the
performance of the DAE model.

3.5.3 Denoising Autoencoder

DAE, a type of unsupervised artificial neural network, was proposed for signal and
image denoising [11][15][59]. Fig.3.9 shows the architecture of the general DAE. A DAE
comprises an encoder and a decoder. During the training process, DAE first encodes
the noisy signal through the encoder into a low-dimensional latent feature vector and
then decodes the vector into a denoised signal through the decoder. Hendrickson et al.

29



	𝜎 	𝜎

	𝜎

	𝑡𝑎𝑛ℎ

×

𝑥(𝑡)

ℎ(𝑡 − 1)

𝑐(𝑡 − 1) +

×

×

𝑐(𝑡)

ℎ(𝑡)

ℎ(𝑡)

𝑓(𝑡)

𝑖(𝑡) 𝑐̃(𝑡)

𝑜(𝑡)

𝑡𝑎𝑛ℎ

Figure 3.7: Architecture of an LSTM cell

𝐿𝑆𝑇𝑀 𝐿𝑆𝑇𝑀 𝐿𝑆𝑇𝑀 𝐿𝑆𝑇𝑀……

𝐿𝑆𝑇𝑀𝐿𝑆𝑇𝑀𝐿𝑆𝑇𝑀𝐿𝑆𝑇𝑀 ……

𝑥(1) 𝑥(2) 𝑥(3) 𝑥(t)

𝑦(1) 𝑦(2) 𝑦(3) 𝑦(𝑡)

ℎ(0) ℎ(𝑡)

ℎ!(0)ℎ!(𝑡)

Outputs

Backward
layer

Forward
layer

Inputs

Figure 3.8: Architecture of Bi-LSTM

30



proposed a DAE model to denoise dark current RTS (DC-RTS) [24]. After training, the
model can automatically denoise RTSs with different transition amplitude and duration.
However, this model has only been proven to be capable of performing extraction for
two-level RTSs with low noise levels. In this thesis, two DAE models are proposed to
enable DAE to denoise multi-level RTSs.

Noisy Signal Denoised Signal

Encoder Decoder

Latent Feature

Figure 3.9: Architecture of general DAE

3.5.4 Denoising Autoencoder based on Fully Connected Networks

Denoising autoencoder based on fully connected networks (DAE FCN) is the model
adapted from [24], which follows the basic framework of DAE and is also based on
fully connected networks (FCN). A fully convolutional network is a type of CNN. Dif-
ferent from traditional CNN, which will connect several fully connected layers after a
series of convolutional layers, the fully convolutional network uses a locally connected
convolutional layer instead of a fully connected layer with a large number of param-
eters. Therefore, DAE based on fully convolutional networks are more efficient and
lightweight than DAE with fully connected layers.

The architecture of DAE FCN is shown in Fig.3.10. All convolutional and transpose
convolutional layers apply 1*15 kernels and ReLU as activation functions. Zero padding
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is applied in all convolutional and transposed convolutional layers to keep input and
output the same size.

The structure of the encoder is Conv1D(64)→ MaxPooling1D(2)→ Conv1D(32)→
MaxPooling1D(2). The channel numbers of Conv1D are 32 and 64. The kernel size of
MaxPooling1D is 2. Passing through two encoding modules consisting of a Conv1D
layer and a MaxPooling1D layer, a 1*2000*1 noisy signal is encoded into a 1*500*32
latent feature.

The structure of the decoder is TransposeConv1D(32)→ Conv1D(32)→
TransposeConv1D(64)→ Conv1D(64)→ Conv1D(1). The channel numbers of Conv1D
and TransposeConv1D are 32 and 64. The stride of TransposeConv1D is 2. Passing
through two decoding modules consisting of a TransposeConv1D layer and a Conv1D
layer, the 1*500*32 latent feature is decoded into a 1*2000*1 denoised signal.

The loss function that DAE FCN applies is mean squared error (MSE). MSE can be
calculated as.

MSE =
1
N

N

∑
n=1

(xn − x̂n)
2 (3.12)

where N is the signal length, xi is pure signal value in signal step n and x̂i is denoised
signal value in signal step n. DAE FCN learns weights through gradient descent and
backpropagation to make MSE as small as possible.

3.5.5 Denoising Autoencoder based on U-Net and Bi-LSTM

Denoising autoencoder based on U-Net and Bi-LSTM (DAE UBL) is an innovative DAE
for RTS denoising. The general architecture of DAE UBL is based on U-Net [49]. U-Net
is a classic fully convolutional network that is mainly used for semantic segmentation,
signal denoising, and image denoising. DAE UBL applies the skip connection of U-Net.
These skip connections help preserve low-level features of the encoder and concatenate
them with the upsampled features of the decoder to enhance training. In addition, DAE
UBL adds two layers of Bi-LSTM between the encoder and the decoder. These Bi-LSTMs
play a significant role in effectively capturing bidirectional time dependencies from the
signal so that DAE UBL can apply past and future information during denoising.

The architecture of DAE UBL is shown in Fig.3.11. All convolutional and transpose
convolutional layers apply 1*3 kernels and ReLU as activation functions. Zero padding
is applied in all convolutional and transposed convolutional layers to keep input and
output the same size.
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The structure of the encoder is Conv1D(16)→ MaxPooling1D(2)→ Conv1D(32)→
MaxPooling1D(2) → Conv1D(64) → MaxPooling1D(2). The channel numbers of
Conv1D are 16, 32, and 64. The kernel size of MaxPooling1D is 2. Passing through
the encoder, a 1*2000*1 noisy signal is encoded into a 1*250*64 latent feature. Two
layers of Bi-LSTMs process the latent feature and generate a 1*250*256 hidden state.
Consider three convolutional layers output in the encoder as conv1 = Conv1D(16),
conv2 = Conv1D(32), and conv3 = Conv1D(64). The structure of the decoder is
TransposeConv1D(64)→ concat(conv3, Conv1D(64))→ TransposeConv1D(32)
→ concat(conv2, Conv1D(32))→ TransposeConv1D(16)→ concat(conv1, Conv1D(16))
→ Conv1D(1). concat in the structure means the concatenation with convolutional
layers output of the encoder and the decoder. The channel numbers of Conv1D and
TransposeConv1D are 64, 32, and 16. The stride of TransposeConv1D is 2. Passing
through the decoder, the 1*250*256 hidden state is decoded into a 1*2000*1 denoised
signal. The loss function that DAE UBL applies is also MSE.
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Figure 3.11: Architecture of DAE UBL

34



Chapter 4

RTS Denoising Experiments and
Analysis

4.1 Dataset

Synthetic datasets for RTS denoising are generated according to Eq.2.11. Statistics of the
synthetic training dataset for RTS denoising are shown in Table 4.1. The training dataset
includes three types of nRTSs and three types of aRTSs with Gaussian white noise or
pink noise. All RTSs in the dataset have a fixed signal length of 2,000 signal steps. Each
RTS category in the dataset has 12,000 samples. The distribution of synthetic RTSs is
Gaussian distribution. The statistics of a RTS category in the synthetic training dataset
are shown in Table 4.2. Each noise level range in {1-10%, 11-20%, 21-30%, 31-40%, 41-
50%, 51-60%} has 2000 samples.

Statistics of the synthetic evaluation dataset for RTS denoising are shown in Table
4.3. The evaluation dataset includes three categories of nRTSs and three categories of
aRTSs with Gaussian white noise or pink noise. All RTSs in the dataset have a fixed
signal length of 1,000,000 signal steps. Each RTS category in the dataset has 60 samples.
The distribution of synthetic RTSs is Gaussian distribution. Statistics of a RTS category
in the synthetic evaluation dataset are shown in Table 4.4. Each noise level range from
{1-10%, 11-20%, 21-30%, 31-40%, 41-50%, 51-60%} has ten samples.
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RTS category Noise type Signal length Samples number

1-trap white noise 2,000 12,000
1-trap pink noise 2,000 12,000
2-trap white noise 2,000 12,000
2-trap pink noise 2,000 12,000
3-trap white noise 2,000 12,000
3-trap pink noise 2,000 12,000
3-trap white noise 2,000 12,000

coupled pink noise 2,000 12,000
coupled white noise 2,000 12,000

missing-level pink noise 2,000 12,000
missing-level white noise 2,000 12,000

metastable pink noise 2,000 12,000
metastable white noise 2,000 12,000

Table 4.1: Statistics of the synthetic training dataset

Noise level Signal length Samples number

1-10% 2,000 2,000
11-20% 2,000 2,000
21-30% 2,000 2,000
31-40% 2,000 2,000
41-50% 2,000 2,000
51-60% 2,000 2,000

Table 4.2: Statistics of an RTS category in synthetic training dataset

36



RTS category Noise type Signal length Samples number

1-trap white noise 1,000,000 60
1-trap pink noise 1,000,000 60
2-trap white noise 1,000,000 60
2-trap pink noise 1,000,000 60
3-trap white noise 1,000,000 60
3-trap pink noise 1,000,000 60
3-trap white noise 1,000,000 60

coupled pink noise 1,000,000 60
coupled white noise 1,000,000 60

missing-level pink noise 1,000,000 60
missing-level white noise 1,000,000 60

metastable pink noise 1,000,000 60
metastable white noise 1,000,000 60

Table 4.3: Statistics of the synthetic evaluation dataset

Noise level Signal length Samples number

1-10% 1,000,000 10
11-20% 1,000,000 10
21-30% 1,000,000 10
31-40% 1,000,000 10
41-50% 1,000,000 10
51-60% 1,000,000 10

Table 4.4: Statistics of an RTS category in synthetic evaluation dataset
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4.2 Experiment Details

In the experiment, the synthetic training dataset is applied to train DAE models. Then
trained DAE models and classical denoising models are evaluated in the synthetic eval-
uation dataset. The metrics for evaluation include root mean squared error (RMSE),
signal-to-noise ratio (SNR), and visual analysis. The experiment aims to demonstrate
the effectiveness of the DAE models for RTS denoising.

There are no trainable parameters for classical denoising models, including MA fil-
tering, FFT denoising, DWT denoising, and EMD denoising. The trainable parameters
of DAE models (DAE FCN and DAE UBL) are shown in Table 4.5. According to the
table, it is obvious that DAE FCN has fewer trainable parameters than DAE UBL.

Model Trainable parameters

DAE UBL 680,609
DAE FCN 155,809

Table 4.5: Trainable parameters of DAE denoising

The DAE models were trained on servers equipped with Titan Xp GPU and 24 to 28
CPU cores.

For training details, the training and validation split is 80% and 20%. The batch size
of the training is 1000. The optimizer of the models is Adam with learning rate = 0.001,
β1=0.9, β2=0.999, and ϵ=10−8 [29].

4.3 Root Mean Squared Error

To measure the difference between the denoised signal and the pure signal, the metric
called RMSE is applied for evaluation. RMSE can be calculated as.

RMSE =
√

MSE (4.1)

The calculation of MSE can be found in Eq. 3.12.

Boxplots (Fig. 4.1 to Fig. 4.6) are applied to display the distributions of RMSEs for
six different denoising models with Qwn or Qpn. The distributions of RMSEs in the
synthetic evaluation dataset are represented by quartiles.
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For noise level Qwn or Qpn, as the noise level increases, RMSEs for denoising models
increase generally. This is because as the noise level increases, the amplitude of the
background noise becomes larger compared to that of the pure signal.

For background noise types, RMSEs of all denoising models in RTSs with pink noise
have higher quartiles and variance than those in RTSs with Gaussian white noise in
general. This trend is reflected explicitly in the boxplots of pink noise RTSs, where the
boxes are placed higher, and the lengths of the boxes are longer when Qpn is higher.

For model comparisons, two DAE models significantly improve denoising perfor-
mance when processing RTSs with Gaussian white noise than pink noise. For white
noise cases, RMSEs of the DAE models are usually below 5, while those of the classical
models generally fluctuate between 0 and 40. For pink noise cases, RMSEs of the DAE
models generally fluctuate between 0 and 40, and those of the classical models gener-
ally fluctuate between 0 and 50. It is worth noting that in DAE models, RMSEs and
their variance for DAE UBL are lower than those of DAE FCN, especially when denois-
ing RTSs with pink noise. The fluctuation range of RMSEs for DAE UBL is 0 to 30, 25%
less than those of DAE FCN.

4.4 Signal-to-noise Ratio

SNR is a metric for measuring the ratio between pure signal power and background
noise power. It can be calculated as,

SNR = 10 · log10(
∑N

n=1 x2
n

∑N
n=1(x̂n − xn)2

) (4.2)

where xn is the pure signal intensity of the signal step n, x̂n is the denoised signal in-
tensity of the signal step n, and N is the signal length. In signal quality assessment,
we hope that the power of the pure signal can be much greater than the noise power.
Therefore, the larger the SNR, the better the denoising effect of the signal.

Boxplots (Fig. 4.7 to Fig. 4.12) are applied to present the distributions of SNRs from
six different denoising models on Qwn or Qpn. The distributions of SNRs in the synthetic
evaluation dataset are represented by quartiles.

For noise level Qwn or Qpn, as the noise level increases, SNRs for denoising models
decrease generally. This is because as the noise level increases, the amplitude of the
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(b) RMSEs of 1-trap RTSs with Gaussian white noise

Figure 4.1: RMSEs of 1-trap RTSs
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(b) RMSEs of 2-trap RTSs with Gaussian white noise

Figure 4.2: RMSEs of 2-trap RTSs
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Figure 4.3: RMSEs of 3-trap RTSs
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(a) RMSEs of coupled RTSs with pink noise
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Figure 4.4: RMSEs of coupled RTSs
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(a) RMSEs of missing-level RTSs with pink noise
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Figure 4.5: RMSEs of missing-level RTSs
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(a) RMSEs of metastable RTSs with pink noise
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Figure 4.6: RMSEs of metastable RTSs
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background noise becomes larger compared to that of the pure signal, which leads to
increasing SNRs.

For background noise types, SNRs of the denoising models in RTSs with pink noise
have lower quartiles and higher variance than those in RTSs with Gaussian white noise
in general. Reflected explicitly in the boxplots of pink noise RTSs, the position of the
boxes is lower, and the length of the boxes is longer. Additionally, Qpn has a greater
impact on SNRs than Qwn, which is specifically manifested in the decrease of SNRs
with the increase of Qpn is significantly more obvious than those with the increase of
Qwn.

For model comparisons, two DAE models significantly improve denoising perfor-
mance when processing RTSs with Gaussian white noise than pink noise. For Gaussian
white noise cases, SNRs of the DAE models generally fluctuate between 20 and 40, while
those of the classical models generally fluctuate between 0 and 50. For pink noise cases,
SNRs of the DAE models generally fluctuate between 0 and 45, and those of the clas-
sical models fluctuate between -5 and 50. Additionally, DAE models, SNRs and their
variance for DAE UBL are lower than those of DAE FCN, especially when denoising
RTSs with pink noise. The fluctuation range of RMSEs for DAE UBL is at least 4% less
than those of DAE FCN.

4.5 Denoising Visualization Analysis

To further demonstrate the superiority of DAE models, the denoising visualization re-
sults are provided in Fig. 4.13 to Fig. 4.24. Each figure displays the denoising results of
three denoising models (MA filtering, DAE FCN, and DAE UBL) dealing with a specific
RTS category when Qwn equals to 20% or Qpn equals to 60%. Each plot includes a raw
signal (gray), a denoised signal (green), and a pure signal (blue) for comparison.

For background noise types, for the denoising visualization results of RTSs with
Gaussian white noise
1. Gaussian white noise does not cause level fluctuations in the general trend of RTSs
(according to 2.4), so the three denoising results do not contain fluctuations in the gen-
eral trend.
2. The local fluctuations caused by Gaussian white noise are suppressed very well by
three denoising models, so the denoising results are also very close to pure signals.
Therefore, the denoising visualization results of RTSs with Gaussian white noise may
not reflect some of the patterns that will be analyzed next.
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Figure 4.7: SNRs of 1-trap RTSs
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(a) SNRs of 2-trap RTSs with pink noise
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Figure 4.8: SNRs of 2-trap RTSs
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(a) SNRs of 3-trap RTSs with pink noise
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Figure 4.9: SNRs of 3-trap RTSs
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(a) SNRs of coupled RTSs with pink noise
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Figure 4.10: SNRs of coupled RTSs
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(a) SNRs of missing-level RTSs with pink noise
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Figure 4.11: SNRs of missing-level RTSs
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(a) SNRs of metastable RTSs with pink noise
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Figure 4.12: SNRs of metastable RTSs
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For the denoising visualization results of RTSs with pink noise, the denoising visual-
ization results still maintain fluctuations in local areas and general trends to a certain
extent, which proves that RTSs with pink noise is more challenging to denoise than
those with Gaussian white noise.

For the noise level Qwn or Qpn, it is clear that for all RTS categories, the denoising
results of RTSs with high noise level ((a), (b), (c)) are worse than those with low noise
level ((d), (e), (f)).

For model comparisons, DAE models have better denoising performance than MA
filtering. Although MA filtering is capable of smoothing level fluctuations in local areas
to a certain extent, it cannot suppress the level fluctuations in local areas and general
trends well. In contrast to the two DAE models, fluctuations in local areas are effec-
tively suppressed. Especially at high noise levels, two DAE models perform better than
MA filtering on suppressing level fluctuations in local areas. Among DAE models, DAE
UBL has better performance than DAE FCN. DAE FCN cannot control the level fluctu-
ations in general trends in RTSs containing pink noise, which leads to the shift of tran-
sition amplitude in the denoised signal. With Bi-LSTM and a better encoder-decoder
structure, DAE UBL can remove level fluctuations in general trends and output a flat
signal trace by analyzing past and future current intensities. Although the characteris-
tics of this forced flat signal trace may cause DAE UBL to make wrong levels judgments
with dramatic intensity shifts when predicting some RTSs with large level fluctuations
in general trends, DAE UBL still has the best denoising performance of all denoising
models most of the time.

4.6 Ablation Study

In order to verify that the features from Bi-LSTM and U-Net all enhance the denoising
performance of DAE UBL, Table 4.6 is presented to display the denoising errors of the
ablation study with different noise types.

4.6.1 Effect of Bi-LSTM

According to the Table 4.6, the mean value and variance of RMSEs significantly decrease
after introducing Bi-LSTM to DAE for both Gaussian white noise and pink noise cases.
Especially for pink noise cases, the variance of SNR decreases more than 55% compared
to that of DAE. For SNRs, DAE+Bi-LSTM has a dramatically higher mean value and
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(e) Denoising plot of DAE FCN
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(f) Denoising plot of DAE UBL
(Qpn = 60%)

Figure 4.13: Denoising plot of 1-trap RTS with pink noise
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(b) Denoising plot of DAE FCN
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(c) Denoising plot of DAE UBL
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(e) Denoising plot of DAE FCN
(Qwn = 60%)
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Figure 4.14: Denoising plot of 1-trap RTS with Gaussian white noise

54



0 1000 2000 3000 4000
Signal step

0

50

100

150

200

250

I(
a.

u)

raw signal
denoised signal
pure signal

(a) Denoising plot of MA (Qpn =

20%)

0 1000 2000 3000 4000
Signal step

0

50

100

150

200

250

I(
a.

u)

raw signal
denoised signal
pure signal
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(e) Denoising plot of DAE FCN
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Figure 4.15: Denoising plot of 2-trap RTS with pink noise
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(b) Denoising plot of DAE FCN
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(c) Denoising plot of DAE UBL
(Qwn = 20%)
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Figure 4.16: Denoising plot of 2-trap RTS with Gaussian white noise
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Figure 4.17: Denoising plot of 3-trap RTS with pink noise

0 1000 2000 3000 4000
Signal step

0

25

50

75

100

125

150

I(
a.

u)

raw signal
denoised signal
pure signal

(a) Denoising plot of MA (Qwn =

20%)

0 1000 2000 3000 4000
Signal step

0

25

50

75

100

125

150

I(
a.

u)

raw signal
denoised signal
pure signal

(b) Denoising plot of DAE FCN
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(e) Denoising plot of DAE FCN
(Qwn = 60%)
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Figure 4.18: Denoising plot of 3-trap RTS with Gaussian white noise
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(Qpn = 60%)

0 1000 2000 3000 4000
Signal step

−50

0

50

100

150

200

I(
a.

u)

raw signal
denoised signal
pure signal

(f) Denoising plot of DAE UBL
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Figure 4.19: Denoising plot of coupled RTS with pink noise
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(e) Denoising plot of DAE FCN
(Qwn = 60%)
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Figure 4.20: Denoising plot of coupled RTS with Gaussian white noise
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(e) Denoising plot of DAE FCN
(Qpn = 60%)
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Figure 4.21: Denoising plot of missing-level RTS with pink noise
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(e) Denoising plot of DAE FCN
(Qwn = 60%)
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Figure 4.22: Denoising plot of missing-level RTS with Gaussian white noise
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(b) Denoising plot of DAE FCN
(Qpn = 20%)

0 1000 2000 3000 4000
Signal step

−50

−25

0

25

50

75

100

I(
a.

u)

raw signal
denoised signal
pure signal

(c) Denoising plot of DAE UBL
(Qpn = 20%)
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(e) Denoising plot of DAE FCN
(Qpn = 60%)
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Figure 4.23: Denoising plot of metastable RTS with pink noise
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(b) Denoising plot of DAE FCN
(Qwn = 20%)
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(c) Denoising plot of DAE UBL
(Qwn = 20%)
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(e) Denoising plot of DAE FCN
(Qwn = 60%)
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Figure 4.24: Denoising plot of metastable RTS with Gaussian white noise

59



a smaller variance than those of DAE. According to Fig.4.25, the reason why DAE+Bi-
LSTM has better denoising performance than DAE is that it is capable of suppressing
level fluctuations in general trends. Thanks to the ability of Bi-LSTM for capturing
contexts in both directions, DAE+Bi-LSTM can keep the denoised signal trace flat.
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(a) 1-trap RTS denoised by DAE
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(b) 1-trap RTS denoised by DAE+Bi-LSTM

Figure 4.25: Performance comparison between DAE and DAE+Bi-LSTM

4.6.2 Effect of skip connection

According to Table 4.6, the mean value and variance of RMSEs decrease after introduc-
ing skip connection from U-Net in general. For DAE UBL has a higher mean value and
a dramatically smaller variance than those of DAE+Bi-LSTM. This is because denoised
signals predicted by DAE+Bi-LSTM lose some low-level features due to the increasing
number of feature extractions. As shown in Fig.4.26(a), there are some level shifts in
the denoised 2-trap RTS. After introducing the skip connection feature (Fig.3.11) of U-
Net, DAE UBL is capable of reusing low-level features from the encoder [4][8], which
suppresses the level shifts shown in Fig.4.26(b). In general, DAE UBL improve the ro-
bustness of the denoising model compared to DAE+Bi-LSTM.
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(a) 2-trap RTS denoised by DAE+Bi-LSTM
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(b) 2-trap RTS denoised by DAE UBL

Figure 4.26: Performance comparison between DAE+Bi-LSTM and DAE UBL

Denoising error Noise type DAE DAE+Bi-LSTM DAE UBL

RMSE (mean) white noise 2.63 1.68 1.71
RMSE (variance) white noise 3.54 1.56 1.43

SNR (mean) white noise 28.53 32.12 31.73
SNR (variance) white noise 41.57 33.72 26.46
RMSE (mean) pink noise 9.58 6.10 6.02

RMSE (variance) pink noise 63.60 28.21 27.96
SNR (mean) pink noise 17.85 21.41 21.52

SNR (variance) pink noise 60.49 50.04 48.47

Table 4.6: Ablation study of DAE UBL
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Chapter 5

RTS Reconstruction Models

To further verify the enhancement effect of the denoising model on the RTS analysis.
We apply RTS reconstruction models as a reference. In previous research, most RTS
reconstruction models are only designed for two-level RTSs, such as convolutional fil-
tering, discrete wavelet transform, and hidden Markov model reconstruction. To recon-
struct multi-level RTSs systematically, our previous work proposed a three-step analysis
protocol to achieve the reconstruction of multi-level RTSs. To cover all types of recon-
struction models, three two-level RTS reconstruction models and one multi-level RTS
reconstruction model are introduced in this chapter and implemented to compare the
reconstruction errors of the denoised RTSs and those of noisy RTSs in the next chapter.

5.1 Two-level RTS reconstruction

5.1.1 Convolutional Filtering Reconstruction

Convolutional filtering (CF) reconstruction is adapted from a popular reconstruction
model proposed in 2009 [20]. The reconstruction process involves the following steps:
noisy signal → convolutional filtering → final reconstruction → reconstructed signal
(Fig. 5.1).
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Convolutional Filtering

Convolutional filtering is capable of detecting fast-changing points in the signal by
convolving the noisy two-level RTS and a step-shaped filter to locate level transitions
shown in Fig.5.1(b). The step-shaped filter can be written as.

H(z) =
2
L
(−

L
2−1

∑
i=0

z−i +
L−1

∑
i= L

2

z−i) (5.1)

where L is the width of the filter, and L is set to be 50 in RTS reconstruction.

Final Reconstruction

The noisy signal is divided into N slices in the final reconstruction according to fast-
changing points. The mean current intensity of each slice is calculated as the current
intensity of all signal steps of this slice. The final reconstruction result is shown in
Fig.5.1(c).

5.1.2 Discrete Wavelet Transform Reconstruction

Discrete Wavelet Transform (DWT) reconstruction is based on the RTS reconstruction of
DWT denoising. First, the noisy signal is denoised by DWT denoising. The reconstruc-
tion process involves the following steps: noisy signal→ DWT denoising→ temporal
screen → thresholding → final reconstruction → reconstructed signal (Fig. 5.2). The
details of DWT denoising, final reconstruction, can be found in 3.3, 5.1.1, respectively.

Temporal Screen

After passing DWT denoising, there are still some noticeable and short amplitude shifts
in denoised RTSs. To eliminate these shifts, temporal screens are applied to smooth RTS
traces. If the current intensity of the signal step t is different from the current intensity
of the signal step t− 1, calculate all the intensities in the following temporal screen of
width l = 10, which contains the current intensity of the signal step t. If the intensity
of the signal step t is the same as the next l time steps, keep that intensity. If not, the
intensity is set to the value of the time step t− 1. The result of the temporal screen is
shown in Fig.5.2(c).
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Figure 5.1: Convolutional filtering reconstruction process
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Thresholding

To locate fast-changing points of the signal processed by the temporal screen. Thresh-
olding is applied to find the position of the transition. A difference sequence is derived
by computing the intensity of the signal step t minus the intensity of the signal step
t− 1. A threshold of 0.6745 times the maximum difference is applied for thresholding
[21]. Any signal step whose difference is greater than the threshold is regarded as a
fast-changing point. The intensities of other signal steps are all set to 0.

5.1.3 Hidden Markov Model Reconstruction

Hidden Markov model (HMM) [46] is a statistical probability model for modeling time
series. It is used to describe a Markov process with hidden states. The related concepts
and implementations of HMM were initially introduced by L.E. Baum and T. Petrie
[6] for statistical applications. The model was soon implemented to signal and natural
language processing fields.

The process of HMM reconstruction in Fig.5.3 involves the following steps: noisy
signal→ HMM reconstruction→ reconstructed signal.

HMM Reconstruction

The process of HMM reconstruction is shown below.
1. Initial a HMM with two hidden states.
2. Train the HMM by employing Expectation Maximization [36] to obtain state transi-
tion probabilities, a two-by-two matrix.
3. Perform inference with the trained HMM by Viterbi algorithm [16].

5.1.4 Digitization for Two-Level Reconstruction

Digitization is a very important step for RTS reconstruction to make sure the specific
level in RTS has the same current intensities (Fig.5.4(b)). The digitization process for
two-level RTSs is shown below.
1. Set a threshold to divide the high and low levels of reconstructed RTSs. The threshold
Td can be calculated as,

Td =
max(Ir)−min(Ir)

λ
(5.2)
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Figure 5.2: Discrete wavelet transform reconstruction process
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(b) Reconstruction result

Figure 5.3: Hidden Markov model reconstruction process

where Ir is the magnitude sequence of reconstructed RTS, and λ is the scale parameter
to decide the value of Td.
2. Set greater than or equal to Td to high level, denoted as 1.
3. Set less than Td to low level, denoted as 0.
λ for the reconstruction models in 5.1.1, 5.1.2, and 5.1.3 are all equal to 2.5.
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(a) Reconstruction result of 1-trap RTS
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Figure 5.4: Two-level RTS digitization process

5.2 Multi-level RTS reconstruction

There are many models for reconstructing two-level RTSs, while few models are de-
signed for multi-level RTS reconstruction. This is because applying two-level RTSs dig-
itization is easy by directly adopting simple thresholding to separate low and high lev-
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els. But digitization for multi-level RTSs can become very challenging when Ntraps and
δRTS are unknown. To establish a systematic approach for multi-level RTS reconstruc-
tion, our previous research [48] proposed a three-step analysis protocol to analyze and
reconstruct complex multi-level RTSs. The process of the three-step analysis protocol is
shown in Fig. 5.5.

Step 1: Peak Estimation

First, MA filtering is performed on noisy RTSs to uncover the peaks masked by back-
ground noise. Filtering details can be found in 3.1. And then KDE with Gaussian kernel
is applied to estimate the PDF. The number of traps Ntraps of RTS can be determined by
the number of density peaks of PDF.

Step 2: Amplitude Extraction

Gaussian mixture model (GMM) is applied for modeling PDFs to extract the amplitudes
of the RTS. For each RTS component, two Gaussian functions are defined to represent
low and high levels,

Ghigh = q · G(µ = I0 + ∆RTS, σ) (5.3)

Glow = p · G(µ = I0, σ) (5.4)

where p = τ̄low
τ̄high+τ̄low

, q = (1− p), and G is the Gaussian function with mean µ and stan-
dard deviation σ. Non-linear least-squares curve-fitting is applied to fit the probability
distribution of a multi-level RTS GT, which is the convolution of Ghigh and Glow pairs.
∆RTS for each trap can be extracted from the fitted parameters of GT.

Step 3: Pure RTS Reconstruction

An RNN model is applied to convert pure RTS reconstruction to a multi-output clas-
sification task [48]. The architecture of the RNN model is based on three bidirectional
gated recurrent units (Bi-GRU) layers, and the hidden size of each layer is 256. The in-
put of the model is a normalized noisy RTS between 0 and 1 generated according to the
parameters obtained in Step 1 and Step 2, 0 represents the low level, and 1 represents
the high level. The time step of the RNN model input is 64, which means that the Bi-
GRU layers analyze the input slice with a width of 64 and predict the output of the last
signal step of the slice in the last layer. To generate the predicted time series of RTSs
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for each trap, the hidden state processed by Bi-GRU is transformed into the predicted
probability of high level and low level using the Softmax layer. The prediction with the
highest probability is taken level as the prediction result of each signal step. The output
channel number of reconstructed RTSs equals the number of traps Ntraps.

The training process of the RNN model is shown in Fig. 5.5. According to the Ntraps,
∆RTS, and Qn obtained in the first two steps, 20 synthetic noisy signals with 50,000 signal
length are generated to train the RNN model. After shuffling the synthetic signals,
80% of the dataset is used for training purposes, while the remaining 20% is used for
validation. Once the RNN model is trained, the trained model is applied to predict the
input noisy signal to obtain the reconstructed signal.

Noisy Signal KDE GMM Generate 
Training Data

Train RNN

Predict with 
trained RNN

𝑁!"#$

∆%&', 𝑄(

Peak Estimation Amplitude Extraction

Pure RTS Reconstruction

Predict

RNN

Figure 5.5: Three-step analysis protocol architecture
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Chapter 6

Enhancement of RTS Reconstruction by
DAE Denoising

6.1 Dataset

The synthetic evaluation dataset for RTS reconstruction is the same as the evaluation
dataset for RTS denoising (Table 4.3) but divided into two separate synthetic evaluation
datasets: one for two-level RTS reconstruction (as shown in Table 6.1) and the other for
multi-level RTS reconstruction (as shown in Table 6.2). In these two datasets, all RTSs
have a fixed signal length of 1,000,000 signal steps. Each RTS category in the dataset
has 60 samples. Statistics for a specific RTS category can be found in Table 4.4. Each
noise level range in {1%-10%, 11%-20%, 21%-30%, 31%-40%, 41%-50%, 51%-60%} has
ten samples.

RTS category Noise type Signal length Samples number

1-trap white noise 1,000,000 60
1-trap pink noise 1,000,000 60

metastable pink noise 1,000,000 60
metastable white noise 1,000,000 60

Table 6.1: Statistics of the synthetic evaluation dataset for two-level RTS reconstruction
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RTS category Noise type Signal length Samples number

2-trap white noise 1,000,000 60
2-trap pink noise 1,000,000 60
3-trap white noise 1,000,000 60
3-trap pink noise 1,000,000 60
3-trap white noise 1,000,000 60

coupled pink noise 1,000,000 60
coupled white noise 1,000,000 60

missing-level pink noise 1,000,000 60
missing-level white noise 1000,000 60

Table 6.2: Statistics of the synthetic evaluation dataset for multi-level RTS reconstruction

6.2 Evaluation metrics for RTS reconstruction

6.2.1 Amplitude Error

Amplitude error is introduced to evaluate the error rate of the transition amplitude in
RTS reconstruction. For each trap of RTS, amplitude error ϵamp can be calculated as.

ϵamp =
∆RTS − ∆RTSest

∆RTS
(6.1)

where ∆RTS denotes the actual transition amplitude of the RTS trap, and ∆RTSest denotes
the estimated transition amplitude of the same RTS trap.

6.2.2 Digitization Error

Digitization error is introduced to evaluate the error rate of the predicted levels of the
RTS reconstruction model. For each trap of an RTS, digitization error ϵdig can be calcu-
lated as.

ϵdig =
∑L

n=1 IRTS

L
(6.2)

IRTS =

{
1, if il

pred = il
ori

0, if il
pred ̸= il

ori
(6.3)
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where L denotes the signal length of the RTS, il
pred denotes the predicted current inten-

sity of the RTS trap at signal step l, and il
ori denotes the original current intensity of the

RTS trap at signal step l.

In order to evaluate the digitization error for the whole RTS, the general digitization
error ϵ̄dig is also introduced for the evaluation.

ϵ̄dig =
∑L

n=1 S
L

(6.4)

S =

{
1, if sl

pred = sl
ori

0, if sl
pred ̸= sl

ori
(6.5)

where sl
pred denotes the predicted sum of traps at signal step l, and sl

ori denotes the
original sum of traps at signal step l.

6.2.3 Tau Error

Tau error is introduced to evaluate the duration of low and high levels τ̄low, τ̄high in RTS
reconstruction. The process of calculation is shown below.
1. Generate a histogram for all individual durations τlow or τhigh in an RTS. The bin
number of the histogram N equals 50.
2. Perform a fitting procedure using the Poisson function with bin centers to obtain the
fitted duration τ̄ as τlow or τhigh. The Poisson function is shown below,

f (t) = τ̄−1 exp(
−t
τ̄
) (6.6)

Since the first bin contains many outliers, the first bin center is sometimes discarded
during the fitting process. Fit start index λ is applied to start fitting from the λth bin
center. In CF reconstruction and DWT reconstruction, λ is equal to 0. In HMM recon-
struction, λ is equal to 1.

6.3 Experiment Details

In this experiment, two types of RTS reconstructions with different inputs were adopted
to demonstrate the enhancement of RTS reconstruction after preprocessing inputs by
DAE denoising model.
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Figure 6.1: Two-level RTS reconstruction process

The experiment process of two-level RTS reconstruction is shown in Fig.6.1, the base-
line model directly feeds noisy signals from the synthetic evaluation dataset to the re-
construction model. The DAE UBL model denoise noisy signals from the synthetic eval-
uation dataset via DAE UBL before feeding them into the model.

The experiment process of multi-level RTS reconstruction is shown in Fig.6.2, the
baseline model directly feeds the noisy signal from the synthetic evaluation dataset to
the reconstruction model. The DAE UBL model performs denoising via DAE UBL on
both generated noisy signals for training and noisy signals to be predicted in Step 3
(pure RTS reconstruction) and then feeds them to the Bi-GRU for training and predic-
tion.

There are no trainable parameters for two-level reconstruction models. The trainable
parameter amount of Bi-GRU in the three-step analysis protocol is 759,810. The model
was trained on servers equipped with Titan Xp GPU and 24 to 28 CPU cores.

For training details of Bi-GRU, the batch size is 1000. The optimizer of the models
is Adam with learning rate = 0.00001, β1=0.9, β2=0.999, and ϵ=10−8. The training epoch
of the Bi-GRU model is 20.
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Figure 6.2: Multi-level RTS reconstruction process

6.4 Two-level RTS Reconstruction Analysis

Table 6.3, 6.4, and 6.5 exhibit the reconstruction errors for three two-level RTS recon-
struction models in different noise level ranges. The reconstruction errors include digi-
tization errors, amplitude errors, tau high errors, and rau low errors.

For CF reconstruction, the DAE UBL model usually has dramatically lower digiti-
zation errors than the baseline model. The disparity in digitization errors between the
two models is small when reconstructing RTSs with Gaussian white noise. However,
for RTSs with pink noise, the digitization errors of the DAE UBL model increase at a
dramatically slower rate compared to the baseline model as Qwn rises. The digitization
error of the baseline model in Qpn ∈ [31%, 60%] has exceeded 30%. However, digiti-
zation errors of the DAE UBL model are always less than 16% when Qpn ∈ [1%, 60%].
Amplitude errors for the two types of models exhibit a similar trend as digitization
errors. The DAE UBL model maintains amplitude errors less than 8% and has much
lower amplitude errors than the baseline model under high Qpn conditions. Further-
more, the DAE UBL model dramatically outperforms the baseline model in terms of tau
high errors and tau low errors.
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Qwn/Qpn Noise type
Digitization Error Amplitude Error Tau High Error Tau Low Error

Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL

1-10% white noise 5.11% 5.11% 5.52% 6.52% 31.55% 31.77% 35.48% 35.82%
11-20% white noise 5.00% 5.01% 5.05% 6.24% 20.18% 18.99% 26.52% 32.66%
21-30% white noise 4.45% 4.46% 5.02% 6.25% 26.32% 22.11% 28.25% 32.51%
31-40% white noise 5.92% 5.89% 6.19% 7.80% 43.13% 37.26% 35.85% 44.00%
41-50% white noise 6.01% 5.97% 5.65% 7.52% 59.44% 35.50% 33.71% 47.95%
51-60% white noise 4.09% 4.02% 3.94% 5.04% 51.21% 15.45% 21.70% 20.02%
1-10% pink noise 4.41% 4.38% 4.49% 4.68% 30.50% 25.84% 34.81% 28.53%
11-20% pink noise 5.35% 4.39% 3.96% 4.51% 66.01% 32.39% 43.85% 29.28%
21-30% pink noise 13.89% 4.12% 4.98% 5.16% 84.30% 23.30% 101.58% 24.05%
31-40% pink noise 34.35% 5.86% 23.79% 3.59% 78.09% 56.86% 105.51% 27.02%
41-50% pink noise 44.75% 11.82% 47.56% 5.67% 82.84% 156.44% 192.64% 59.13%
51-60% pink noise 45.43% 15.99% 66.20% 7.66% 53.90% 130.41% 105.14% 54.97%

Table 6.3: Reconstruction errors of CF reconstruction

For DWT reconstruction, it can be seen from Table 6.4 that reconstruction errors of
the baseline model are not satisfactory, particularly in terms of tau high and tau low
errors, most of which exceed 100%. However, after the denoising preprocessing via
DAE UBL, the performance of the reconstruction model has dramatically improved.
The enhancement has reduced all reconstruction errors in almost all noise level ranges,
effectively maintaining them within a reasonable range.

Qwn/Qpn Noise type
Digitization Error Amplitude Error Tau High Error Tau Low Error

Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL

1-10% white noise 2.70% 4.79% 3.11% 4.51% 20.49% 34.06% 20.38% 52.79%
11-20% white noise 23.41% 2.73% 27.14% 3.19% 270.53% 16.47% 195.64% 26.26%
21-30% white noise 26.87% 3.01% 29.91% 3.46% 744.00% 12.43% 474.72% 36.77%
31-40% white noise 29.59% 3.29% 33.52% 4.01% 1196.24% 19.19% 1024.15% 31.18%
41-50% white noise 28.7% 2.99% 27.18% 4.01% 907.52% 21.34% 1306.35% 23.01%
51-60% white noise 31.06% 2.26% 32.51% 2.64% 1077.25% 8.19% 1708.20% 14.00%
1-10% pink noise 25.77% 2.39% 3.53% 2.12% 31.56% 13.17% 43.2% 33.80%

11-20% pink noise 5.35% 4.39% 15.76% 2.42% 683.78% 19.04% 647.94% 16.11%
21-30% pink noise 35.13% 8.99% 14.85% 7.93% 306.06% 60.41% 506.83% 52.24%
31-40% pink noise 44.14% 20.41% 12.68% 7.11% 859.80% 44.14% 2922.68% 164.40%
41-50% pink noise 47.06% 34.21% 14.77% 15.26% 2543247.52% 621.51% 390.20% 1069.93%
51-60% pink noise 45.56% 35.39% 29.05% 15.96% 703.51% 42.16% 48.15% 138.23%

Table 6.4: Reconstruction errors of DWT reconstruction

For HMM reconstruction, digitization and amplitude errors of the DAE UBL model
are similar to the baseline model when reconstructing all RTS with Gaussian white noise
and low Qpn RTSs. But when Qpn ∈ [41%, 60%], errors of the DAE UBL model are re-
duced by more than 60% compared to the baseline model, which is very impressive.
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The tau errors of the two models seem to be scattered or randomly distributed with no
obvious trend, but overall the baseline model has lower tau errors when reconstructing
RTSs with Gaussian white noise, the DAE UBL model has lower tau errors when deal-
ing with RTSs with pink noise. HMM reconstruction is one of the most accurate RTS
reconstruction models. So even if DAE UBL denoising does not improve the model as
much as CF and DWT reconstruction, the improvement is still meaningful.

Qwn/Qpn Noise type
Digitization Error Amplitude Error Tau High Error Tau Low Error

Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL

1-10% white noise 15.95% 21.39% 15.96% 22.18% 32.99% 31.96% 31.82% 33.10%
11-20% white noise 5.60% 5.21% 5.61% 6.24% 10.77% 8.48% 12.57% 8.27%
21-30% white noise 10.19% 9.35% 10.21% 10.65% 20.36% 16.27% 26.75% 23.47%
31-40% white noise 22.27% 20.95% 22.22% 21.96% 21.81% 43.86% 23.64% 27.11%
41-50% white noise 27.97% 5.39% 27.91% 7.02% 52.33% 27.23% 44.47% 23.64%
51-60% white noise 17.39% 15.79% 17.36% 16.64% 26.35% 32.27% 29.16% 37.22%
1-10% pink noise 5.11% 16.00% 5.64% 16.68% 59.03% 63.90% 43.2% 33.80%
11-20% pink noise 11.61% 7.25% 13.45% 8.52% 25.18% 33.87% 12.84% 61.03%
21-30% pink noise 24.05% 27.46% 25.98% 28.59% 34.24% 55.86% 35.18% 28.23%
31-40% pink noise 14.14% 13.05% 11.79% 13.02% 44.32% 28.01% 45.58% 18.90%
41-50% pink noise 25.46% 5.23% 22.36% 4.43% 55.04% 74.77% 71.02% 33.93%
51-60% pink noise 27.62% 6.51% 23.70% 7.36% 55.37% 39.37% 60.45% 35.35%

Table 6.5: Reconstruction errors of HMM reconstruction

In summary, the DAE UBL model can significantly and comprehensively improve
the performance of three RTS reconstructions.

6.5 Multi-level RTS Reconstruction Analysis

Table 6.6 to 6.9 show the reconstruction errors for the three-step analysis protocol. Not
all the RTSs in the synthetic evaluation dataset can be successfully processed by the first
two steps of the three-step analysis protocol. Therefore, Table 6.6 is presented to show
the statistics of successfully processed samples of different RTS categories. It can be
seen from the table that less RTSs with pink noise can be successfully processed by the
three-step analysis protocol than RTSs with Gaussian white noise. And as the Ntraps of
RTS increases, the number of successfully processed samples also decreases.

Because the DAE UBL denoising is only applied to Step 3 of the three-step analysis
protocol, and the amplitude estimation is finished in Step 2, the amplitude errors of the
two models remain identical.
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RTS category Noise type Success number Samples number

missing-level white noise 60 60
coupled white noise 46 60
2-trap white noise 48 60
3-trap white noise 28 60

missing-level pink noise 35 60
coupled pink noise 26 60
2-trap pink noise 27 60
3-trap pink noise 12 60

Table 6.6: Successfully processed samples of three-step analysis protocol

Digitization errors of the three-step analysis protocol are shown in Table 6.7. Since
RTSs when Qpn ∈ [51%, 60%] are not successfully processed by the three-step analysis
protocol, digitization errors cannot be calculated. For RTSs with Gaussian white noise,
the baseline model has relatively lower digitization errors than those of the DAE UBL
model. However, the difference between these two models is slight. For RTSs with pink
noise, the DAE UBL model has much lower digitization errors than those of the baseline
model. When we focus on general digitization errors, with the increase of Qpn, the DAE
UBL model is more effective in reducing general digitization errors than the baseline
model.

Qwn/Qpn Noise type
Digitization Error (Trap 0) Digitization Error (Trap 1) Digitization Error (Trap 2) General Digitization Error
Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL

1-10% white noise 17.82% 18.56% 17.14% 16.92% 45.04% 45.77% 30.87% 31.15%
11-20% white noise 13.96% 14.05% 19.86% 18.99% 39.80% 40.26% 30.87% 30.08%
21-30% white noise 13.51% 13.70% 17.06% 18.30% 39.54% 42.12% 28.11% 29.64%
31-40% white noise 11.26% 11.52% 16.24% 14.04% 19.28% 20.33% 24.87% 23.05%
41-50% white noise 13.63% 12.64% 15.60% 17.05% 39.53% 25.51% 25.72% 26.16%
51-60% white noise 16.26% 18.09% 17.91% 19.83% 31.37% 31.43% 28.73% 30.94%
1-10% pink noise 16.21% 16.38% 16.34% 15.92% 37.70% 37.69% 30.20% 29.67%
11-20% pink noise 16.78% 16.10% 17.01% 16.60% 50.71% 53.55% 30.16% 29.70%
21-30% pink noise 21.89% 19.01% 18.60% 17.79% 53.06% 53.06% 32.99% 30.54%
31-40% pink noise 32.97% 29.98% 31.41% 26.62% 45.11% 49.31% 51.64% 47.30%
41-50% pink noise 35.30% 30.91% 41.60% 26.35% 48.08% 48.94% 62.13% 48.93%
51-60% pink noise – – – – – – – –

Table 6.7: Digitization errors of three-step analysis protocol

Tau errors of the multi-level RTS reconstruction is shown in Table 6.8 and 6.9. The
tau low error and tau high error of each trap of the reconstructed model after DAE
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UBL denoising preprocessing are generally smaller than the baseline model. Similar to
the trend of digitization errors, with the increase of Qpn, the DAE UBL model is more
effective in reducing tau high errors and tau low errors than the baseline model.

Qwn/Qpn Noise type Tau High Error (Trap 0) Tau High Error (Trap 1) Tau High Error (Trap 2)
Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL

1-10% white noise 31.55% 33.19% 24.50% 24.67% 25.93% 37.79%
11-20% white noise 19.95% 14.83% 30.64% 18.82% 59.20% 47.71%
21-30% white noise 33.46% 19.56% 32.27% 23.98% 69.48% 54.84%
31-40% white noise 24.33% 8.91% 47.53% 18.32% 66.64% 53.08%
40-50% white noise 35.42% 18.54% 43.50% 34.83% 66.11% 31.12%
51-60% white noise 40.67% 51.94% 54.16% 46.58% 41.46% 26.89%
1-10% pink noise 24.66% 17.21% 25.79% 18.56% 77.98% 74.81%
11-20% pink noise 34.46% 9.85% 46.37% 14.81% 22.72% 101.77%
21-30% pink noise 64.94% 31.26% 47.99% 18.25% 20.04% 13.12%
31-40% pink noise 71.89% 44.49% 67.32% 37.92% 53.11% 41.32%
41-50% pink noise 61.72% 7.24% 59.23% 43.42% 37.77% 32.05%
51-60% pink noise – – – – – –

Table 6.8: Tau high errors of three-step analysis protocol

Qwn/Qpn Noise type Tau Low Error (Trap 0) Tau Low Error (Trap 1) Tau Low Error (Trap 2)
Baseline DAE UBL Baseline DAE UBL Baseline DAE UBL

1-10% white noise 37.95% 36.38% 30.64% 28.95% 65.30% 79.22%
11-20% white noise 15.94% 9.85% 32.72% 21.81% 96.69% 98.38%
21-30% white noise 49.94% 41.46% 23.62% 28.91% 44.25% 63.52%
31-40% white noise 12.27% 9.01% 38.91% 23.90% 51.12% 50.16%
41-50% white noise 17.73% 11.71% 30.94% 26.49% 61.01% 33.80%
51-60% white noise 17.69% 22.41% 23.34% 22.81% 49.94% 66.27%
1-10% pink noise 16.17% 15.71% 28.77% 23.90% 48.44% 46.09%
11-20% pink noise 24.53% 10.70% 35.99% 49.15% 31.65% 22.88%
21-30% pink noise 54.21% 20.87% 34.15% 23.14% 570.54% 594.11%
31-40% pink noise 59.36% 29.82% 51.02% 19.34% 75.27% 40.59%
41-50% pink noise 77.64% 56.48% 77.73% 33.47% 71.95% 63.31%

51%-60% pink noise – – – – – –

Table 6.9: Tau low errors of three-step analysis protocol

In summary, after applying the denoising preprocessing via DAE UBL, the recon-
struction digitization errors and tau errors of the three-step analysis protocol are re-
duced, especially for RTSs with pink noise. Furthermore, this enhancement is consistent
across all traps within an RTS.
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Chapter 7

Conclusion

Noisy random telegraph signals (RTSs) are discrete random fluctuations that coexist
with background noise. Analyzing noise RTSs is challenging since background noise
covers the level transition and amplitude of the signal to a certain extent. To better un-
derstand the relationships between pure RTSs and background noise, we introduced
the generation of synthetic noisy RTSs with Gaussian white noise or pink noise. Addi-
tionally, the signal traces of synthetic noisy RTSs are analyzed to clarify the impact of
Gaussian white noise and pink noise on RTSs, respectively.

In order to enhance the analysis of synthetic noisy RTSs, we proposed two RTS de-
noising models based on DAE: DAE FCN and DAE UBL. A synthetic training dataset
and a synthetic evaluation dataset were built for DAE training. The datasets involve
three categories of nRTSs and three categories of aRTSs with Gaussian white noise or
pink noise. Four classic denoising models, including MA filtering, DWT denoising,
FFT denoising, and EMD denoising were introduced and compared with DAE models
for synthetic evaluation dataset. The evaluation metrics for the comparison are RMSE,
SNR, and denoising visualization analysis. In the comparison of RTS denoising models,
DAE models demonstrate superior performance than classical denoising models. For
RTSs with Gaussian white noise, the RMSE fluctuation range of DAE models is reduced
by approximately 87.5% than traditional denoising models. The SNR fluctuation range
of DAE models is reduced by approximately 60% than traditional denoising models.
For RTSs with pink noise, the RMSE fluctuation range of DAE models is reduced by
approximately 20% than traditional denoising models. The SNR fluctuation range of
DAE models is reduced by approximately 18% than traditional denoising models.

In order to verify that DAE models not only display excellent results on evaluation
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metrics but also can enhance the analysis of RTSs. Three two-level RTS reconstruc-
tion models in terms of CF, DWT, and HMM reconstruction, and a multi-level RTS re-
construction model called three-step analysis protocol were incorporated to verify the
enhancement of DAE UBL for RTS reconstruction performance. We computed digitiza-
tion, amplitude, and tau errors to characterize the performance of the baseline model
and the DAE UBL model. In general, the DAE UBL model has lower digitization, am-
plitude, and tau errors than those of the baseline model, especially for RTSs when Qpn
is high. For CF reconstruction, digitization, amplitude, and tau low errors of the DAE
UBL model decrease by more than 80% when Qpn ∈ [31%, 60%] than those of the base-
line model. For DWT reconstruction, digitization and tau high errors of the DAE UBL
model decrease by more than 20% when Qpn ∈ [11%, 60%]. digitization and amplitude
errors of the DAE UBL model decrease by more than 20% when Qpn ∈ [41%, 60%]. For
the three-step analysis protocol, tau high and tau low errors of the DAE UBL model
decrease by more than 15% when Qpn ∈ [31%, 50%]. And the general digitization error
of the DAE UBL model decreases by more than 8% when Qpn ∈ [31%, 50%]. The above
results prove that the DAE UBL can effectively promote the performance of different
RTS reconstruction models. In conclusion, DAE models have comparatively low de-
noising errors in conventional denoising metrics and can enhance the performance of
RTS reconstruction models.

In this thesis, DAE models have been able to perfectly denoise RTSs with Gaussian
white noise, but there is still room for improvement in the denoising performance of
RTSs with pink noise. Therefore, the next step in this research is to improve the denois-
ing performance of existing models for RTSs with pink noise. Additionally, we only
conduct denoising and reconstruction analysis for synthetic noisy RTSs. To verify that
the DAE model can also process real RTSs well, we will evaluate the performance of the
denoising model on RTSs acquired by experiments.

80



References

[1] Electronic component — Wikipedia, the free encyclopedia, 2023. [Online; accessed
15-July-2023].

[2] Zaid Abdi Alkareem Alyasseri, Ahamad Tajudin Khader, Mohammed Azmi Al-
Betar, Ammar Kamal Abasi, and Sharif Naser Makhadmeh. Eeg signal denoising
using hybridizing method between wavelet transform with genetic algorithm. In
Proceedings of the 11th National Technical Seminar on Unmanned System Technology
2019: NUSYS’19, pages 449–469. Springer, 2021.

[3] Nuditha Vibhavie Amarasinghe, Zeynep Çelik-Butler, Anna Zlotnicka, and Fang
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