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Abstract

Gallium Nitride High Electron Mobility Transistors (GaN HEMTs) are promising de-
vices for next-generation power electronic systems due to their high efficiency, high
power density, and broad applicability in areas including electric vehicles, renewable
energy, and communication. Existing studies on Prognostic and Health Management
(PHM) of GaN HEMTs focus on the statistical behaviors of multiple devices under
specific circumstances, which means individual device variability is neglected in these
approaches. This work addresses the gap in individual health status by applying deep
learning to achieve the Remaining Useful Lifetime (RUL) prediction of individual p-
type GaN HEMT devices under diverse working conditions. In the proposed method,
a Temporal Convolutional Network (TCN) integrated with attention mechanisms is
developed to extract informative features and emphasize critical features within the
measurements. To handle the varying lifetimes of p-GAN HEMT devices tested un-
der different temperatures and stress voltages, we propose a prediction pipeline, which
estimates the relative RUL in percentage and then converts it into absolute RUL in
seconds. The Leave-One-Group-Out (LOGO) Cross-Validation (CV) is applied to en-
sure the generalization of the proposed method by testing the model on data collected
from the unseen environment.
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Introduction 1
In recent years, the rapid advancement of electric power conversion systems, driven by
applications such as electric vehicles [1], renewable energy [2], and communication [3],
has imposed increasing demands on the capability, efficiency, and reliability of devices.
Due to their wide band gap characteristics, Gallium Nitride High Electron Mobility
Transistors (GaN HEMTs) [2] have advantages in switching speed, conduction loss,
and thermal performance, making them a promising replacement for traditional silicon-
based power devices and a potential next-generation power electronic device [2, 4, 5].

Despite their advantages, the long-term reliability of GaN HEMTs remains a critical
concern, especially in critical environments. Performance degradation over time can
lead to device breakdown and failure, posing risks to the safety of the overall system.
Therefore, accurate prediction of the lifetime of GaN HEMTs is essential for device
maintenance and system robustness [2].

Most existing research on lifetime prediction for GaN HEMTs focuses on modeling
the survival probability and degradation behavior of a group of devices under certain
conditions [4, 6]. Attention is given to the statistical characteristics of a group of
HEMTs, rather than the performance of an individual HEMT. While these approaches
are valuable for understanding general failure trends, individual variability in device
operation under real-world conditions is often overlooked. Such population-level mod-
els may not fully exploit real-time measurements to improve prediction accuracy by
analyzing the health status of specific devices deployed in practice.

To address this limitation, we propose a Temporal Convolutional Network (TCN)-
based method [7] integrated with an attention mechanism [8, 9] that performs remaining
useful lifetime (RUL) [10] prediction based on real-time measured signals collected dur-
ing device operation. The core work of this thesis lies in the design of a prediction
model for the gate lifetime of individual p-type Gallium Nitride High Electron Mobil-
ity Transistors (p-GaN HEMT) devices under various working conditions. To achieve
this, a general TCN-based deep learning model that can predict percentage remaining
lifetimes of p-GaN HEMT devices with significant variations in actual lifetimes is de-
veloped. Based on the predicted relative RUL on a percentage scale, the actual lifetime
is recovered in the proposed prediction pipeline. To secure adaptability across various
environments, a method called Leave-One-Group-Out Cross-Validation (LOGO CV) is
employed. In this method, devices are grouped according to their operating conditions,
and the trained models infer the RUL of p-GaN HEMT devices under unknown condi-
tions, which are not contained in training. This training approach secures adaptability
across environments. By incorporating real-time operational data from new environ-
ments, the proposed method enhances prediction accuracy and improves generalization
across varying scenarios, thereby increasing the overall robustness of power electronics
systems.
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1.1 Outline

This thesis is structured as follows:

• Chapter 2. Problem Statement: First, this chapter introduces the fundamen-
tal concepts of GaN HEMTs and reviews recent developments in RUL prediction,
a key branch of prognostics and health management, which has been extensively
studied in various fields. Subsequently, the chapter identifies the limitations of
existing approaches to lifetime prediction of GaN HEMTs and presents the major
problem and the corresponding objective of this study.

• Chapter 3. Methods: This chapter presents the detailed pipeline of the pro-
posed RUL prediction model for GaN HEMTs. First, time-domain features are
manually extracted from the raw measurement data and subsequently selected to
remove redundant and irrelevant information. The selected features are then fed
into the proposed TCN model with attention mechanisms to estimate the relative
RUL. Finally, by combining the predicted relative RUL with the device’s actual
operating time, the model estimates the absolute RUL and the expected lifetime
of the device.

• Chapter 4. Results and Discussion: This chapter provides a detailed descrip-
tion of the experimental procedure, results, and corresponding discussion. The
experimental procedure includes sample selection, model parameter settings, and
the configuration of baseline comparison groups. Results are presented for both
relative and absolute RUL, and further incorporate uncertainty prediction to en-
hance the reliability of the proposed approach. Analysis of the results confirms the
effectiveness of the proposed attention-augmented TCN model and demonstrates
that the overall workflow successfully achieves RUL prediction for GaN HEMTs.

• Chapter 5. Conclusion and Future Work: This chapter summarizes the key
contributions and limitations of this thesis, and outlines potential directions for
future work and possible improvements.

2



Problem Statement 2
2.1 Background

2.1.1 Gallium Nitride High Electron Mobility Transistor

Gallium Nitride High Electron Mobility Transistor (GaN HEMT) is a type of field-effect
transistor. It is typically built on a heterostructure using Gallium Nitride (GaN) and
Aluminum Gallium Nitride (AlGaN). This structure forms a two-dimensional electron
gas (2DEG) channel at the interface. The 2DEG has high electron mobility and high
carrier density. Compared to traditional silicon-based devices, GaN HEMTs offer higher
breakdown voltage, faster switching speed, and lower on-resistance. These features
make them suitable for high-power and high-frequency applications [2, 4, 5].

The growing demand for renewable energy has driven the need for advanced power
conversion technologies, enabling efficient control and integration of systems in re-
cent years. To support this trend, the development of next-generation semiconductor
switching devices has become essential, with goals including higher switching frequen-
cies, reduced switching losses, improved thermal performance, smaller form factors, and
higher power density [2].

Although GaN HEMTs perform well in harsh environments, they are prone to per-
formance degradation over time, as all power devices [2]. To ensure the long-term
reliability of device deployments with GaN HEMTs, health monitoring is essential.
However, most existing studies in this area focus on modeling the degradation or sur-
vival probability of a group of GaN HEMTs under specific and consistent stress condi-
tions. For instance, Hua [4] and Tallarico [6] used the Weibull distribution to model the
breakdown time, while Moens [5] assumed the time follows a Lognormal distribution.

These approaches mainly capture statistical trends across populations, without ac-
counting for individual device variability. This limitation motivates the use of individual
lifetime prediction based on real-time measurements of the individual device. The in-
tegration of real-time prediction enables lifetime estimation to be adaptively refined in
response to device-specific characteristics and operational changes encountered during
service.

2.1.2 Remaining Useful Lifetime Prediction

Prognostic and Health Management (PHM) plays a vital role in maintenance strategies
by allowing condition monitoring without the need for frequent manual inspections.
Traditional health checks often require machine shutdowns and may even cause damage
to certain components, increasing operational costs. In contrast, the health status of
machinery can be inferred from trends observed in continuously monitored operational
data. Based on these measurements, the Remaining Useful Lifetime (RUL) of the
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equipment can be estimated, which in turn enhances system reliability by allowing for
timely and accurate maintenance decisions [10].

RUL prediction can be formulated as a regression problem, and there are two major
approaches, direct prediction and indirect prediction, to solve it. Direct prediction cre-
ates a projection from input features to the RUL value to estimate the remaining useful
lifetime of the machinery directly. As shown in Fig. 2.1(a), the actual RUL is taken
as the label of a specific time. As time increases, the RUL decreases linearly corre-
spondingly. However, considering that the degradation pattern is often not observable
at the early stage of device operation and the assumption that tools remain stable in
the beginning, some studies [10] impose an upper bound on the RUL. For instance, a
piecewise RUL curve is used to cap all RUL values above 125, which is shown in the
red dashed curve in Figure 2.1(a).

Another strategy is indirect prediction, which constructs a health indicator (HI)
through regression first. In this method, the RUL is estimated by performing a multi-
step prediction to forecast when this HI will reach a predefined threshold. As shown in
Figure 2.1(b), this approach is applied to lithium-ion batteries, where capacity serves as
the HI. The model is trained based on data collected up to time t, and then it iteratively
predicts future capacity values until the HI falls below the threshold, at which point
the RUL is inferred.

(a) Two kinds of labels used in direct RUL predic-
tion. Actual RUL label assumes the degradation
is linear, while Piece-Wise RUL label assumes ma-
chines are stable in the beginning and linear degra-
dation occurs only after a period of operation [11].

(b) Indirect RUL prediction, in which a non-linear
HI is predicted as the target. The lifetime of the
machine is determined by the time when HI reaches
a specific threshold [12].

Figure 2.1: Two representative approaches for RUL prediction, direct RUL prediction and
indirect RUL prediction

Based on the modeling approach employed, RUL prediction methods are generally
classified into three categories: model-based methods, data-driven methods, and hy-
brid methods. As shown in Figure 2.2, these methods differ in underlying principles
and applicable scenarios, and have been extensively researched in various fields in the
literature [10].

Model-based methods rely on physical models to describe the degradation process

4



Figure 2.2: Classification of RUL prediction approaches.

of equipment. These approaches typically require expert knowledge to construct math-
ematical models that capture the internal physical mechanisms of the system, such
as the interactions among thermal, electrical, and mechanical factors. For instance,
Wang et al. [13] developed an empirical model formulated as a set of ordinary or par-
tial differential equations on the basis of the Paris-Erdogan (PE) model. Röder et al.
[14, 15] integrated a microscopic single-particle electrode model with the kinetic Monte
Carlo method. In another research, Duong and Raghavan [16] addressed the issues
of sample degeneracy and impoverishment in particle filtering by combining it with
the Heuristic Kalman algorithm. Cui et al. [17] proposed a prediction architecture
based on a time-varying Kalman filter that dynamically selects appropriate models to
adapt to different operational stages. While model-based methods offer strong inter-
pretability, their effectiveness heavily depends on the accuracy of the assumed models
and prior knowledge, which limits their applicability to complex systems or devices
lacking detailed structural information. Owing to the insufficient understanding of the
mechanisms of GaN HEMTs, model-based methods are not used in this thesis for RUL
estimation.

In data-driven methods, models are constructed by fitting coefficients using abun-
dant data, thereby reducing the reliance on detailed knowledge of device mechanisms.
Given the limited understanding of GaN HEMTs, data-driven methods are a better
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choice for decaying analysis of specific devices. Data-driven methods are further cate-
gorized based on the complexity of the modeling techniques, as illustrated in Figure 2.2,
into three main subgroups: statistics-based methods, traditional machine learning tech-
niques, and deep learning models.

Statistics-based RUL prediction approaches focus on modeling the probabilistic re-
lationship between variables [18]. These methods assume that the relationship between
inputs and outcomes can be described by a conditional Probability Density Function
(PDF), allowing the RUL to be inferred from observed data. Representative models
in this category include Auto-Regressive (AR) models [19], random coefficient models
[20], Wiener process models [21], gamma process models [22], inverse Gaussian process
models [23], and Markov models [24].

In contrast to statistical-based approaches that typically rely on predefined prob-
abilistic models and distribution assumptions, Machine Learning (ML) methods are
more flexible, aiming to directly learn complex mappings between input features and
outputs. Compared to the deep learning-based models employed in this thesis, tradi-
tional machine learning techniques have shallow architectures and require fewer training
data. However, they retain a certain level of interpretability, as they are often grounded
in well-established mathematical theories, even in high-dimensional settings. The size
of the training data and the architecture limit the representational capacity of con-
ventional machine learning methods. In the field of RUL prediction, applications of
traditional ML models include Support Vector Machines (SVM) [25], Extreme Learn-
ing Machines (ELM) [26], Adaptive Neuro-Fuzzy Inference Systems (ANFIS) [27], and
Gaussian Process Regression (GPR) [28].

Deep Learning (DL) has emerged as a powerful approach in data-driven RUL pre-
diction, owing to its ability to learn hierarchical representations from raw and high-
dimensional data automatically. Compared with traditional machine learning methods,
which rely on handcrafted features and shallow model structures, DL models can ex-
tract complex nonlinear patterns through their deeper structures. Its diverse multi-layer
architectures effectively overcome the limitations of traditional ML techniques in han-
dling nonlinear interactions and complex degradation behaviors. Well-established deep
learning models have been widely applied to RUL prediction, including Convolutional
Neural Networks (CNN) [29], Recurrent Neural Networks (RNN) [30, 31], Autoencoders
[32], and Deep Belief Networks (DBN) [33].

Hybrid methods aim to combine the strengths of model-based and data-driven ap-
proaches by incorporating physical knowledge into data-driven models. For instance,
Ordóñez et al. [34] developed a hybrid model that incorporated SVM with statistics-
based methods by connecting an auto-regressive integrated moving average (ARIMA)
model with an SVM. However, similar to model-based methods, they require sufficient
understanding of the system’s operating mechanisms, which is currently lacking for the
degradation of GaN HEMTs. Therefore, hybrid approaches are not adopted in this
thesis.

As the measurement data consist of long temporal sequences, deep learning models
are a perfect choice for degradation modeling. Therefore, A deep learning based model
is adopted as the core of the proposed prediction framework. Specifically, in the relative
RUL prediction stage, we propose a model based on TCN, an enhanced variant of CNN,

6



and incorporate an attention mechanism into the architecture. The TCN structure
improves the model’s robustness of inference by securing causality, while the attention
mechanism enhances the model’s representational capability by assigning higher weights
to key features and time steps, and enables it to capture long-range dependencies.

2.2 Problem Formulation

Building upon the widely applied field of RUL prediction, this thesis extends its ap-
plication to the dynamic lifetime estimation of individual p-GaN HEMT devices. By
incorporating device-specific features observed during operation, the proposed model
is capable of learning the unique degradation behaviors of different transistors. This
enables a more adaptive approach compared to statistical models.

This thesis specifically addresses the major problem:

Given a sequence of measured signals from a single p-GaN HEMT device
from the start of operation to the breakdown of the gate, as well as the tem-
perature and the stress voltage, how can we estimate the remaining lifetime?

We use the direct prediction in Figure 2.1(a) to predict RUL. Formally, let F ∈
RDF×L denote the dynamic measurement feature matrix consisting of DF features over
L time points, and s ∈ RDs denote the static environmental feature vector consisting
of Ds features. The model aims to learn a mapping:

ŷ = M(F, s), (2.1)

in which ŷ ∈ RL is the predicted RUL, and M denotes the learned prediction model
that dynamically updates with the newly observed measurements over time.

To solve this problem, this thesis sets out the following research objectives:

• Develop a dynamic prediction pipeline that separates the process into relative RUL
estimation and absolute RUL reconstruction, effectively addressing the variability
in device lifetime ranges.

• Develop a deep learning model based on TCNs for predicting the relative RUL of p-
GaN HEMTs in percentage from dynamic measurements and static environments.

• Enhance temporal feature and channel representation by integrating attention
mechanisms, allowing the model to focus on informative channels and time posi-
tions during degradation.

• Design a post-processing method to convert the predicted relative RUL into abso-
lute RUL, expressed in seconds, thereby enabling informative quantified seconds
before the breakdown.

• Incorporate probabilistic modeling to quantify prediction uncertainty.

• Apply a leave-one-group-out evaluation scheme to improve the model’s general-
ization under unknown environments.

In the following chapters, the proposed methods for achieving these objectives are
described in detail, and their effectiveness is evaluated through experiments.
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Methods 3

Figure 3.1: Pipeline of dynamic RUL prediction model.

As discussed in chapter 2, most existing studies on GaN HEMTs focus on the overall
survival rate of device populations under constant stress conditions [4, 5, 6]. However,
with complex and varying manufacturing processes and working conditions, the degra-
dation pattern can be different, which makes it challenging to track individual devices.
In contrast, our work shifts the focus from population-level statistics to individual-level
behavior. The aim of this thesis is to monitor the degradation of each device separately
by introducing RUL prediction into the p-GaN HEMTs domain. This technique allows
us to perform dynamic deep learning-based lifetime estimation during operation.

Figure 3.1 illustrates the complete pipeline of our proposed approach. The proposed
framework consists of three main steps:

• Step 1 Feature extraction: In this step, handcrafted feature extraction and
selection are applied to raw measurement data. This step aims to mine informative
patterns embedded in the original signals and convert the data into a structured
format suitable for processing by the subsequent dynamic prediction model.

• Step 2 Relative RUL prediction: This is the step where continuous dynamic
prediction takes place. The proposed model processes the preprocessed and sliced
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features to estimate the device’s relative RUL at each time step based on a Deep
Learning model, which provides PHM information by estimating the percentage
of lifetime left.

• Step 3 Absolute RUL reconstruction: Following Step 2, the proposed model
reconstructs the absolute RUL and the estimated total lifetime of the device by
combining the predicted results with the elapsed operational time, enabling a
more concrete assessment of the device’s health status.

Before introducing details of the steps, the basic notation is defined. The degrada-
tion process of a p-GaN HEMT device is assumed to be linear. For a device with a total
lifetime of L, its remaining useful lifetime decreases continuously from the beginning of
operation. Let y(t) denote the RUL at elapsed time t, and L denotes the total lifetime
of the device. The values y, t, and L are expressed in seconds. The degradation can
thus be formulated as a function of t:

y(t) = −t+ L, 0 ≤ t ≤ L, (3.1)

which is shown in Figure 3.2(a). As y and t have the same unit, Equation 3.1 exhibits a
constant slope of −1. The model is parameterized by a single parameter L. In practice,
Equation 3.1 can be discretized and vectorized as

y =



y(1)

y(2)
...

y(t)
...

y(L)


=



L− 1

L− 2
...

L− t
...

0


, t = 1, 2, . . . , L. (3.2)

Due to various working conditions of devices, the lifetime of the test devices ranges
from a few seconds to dozens of hours. Therefore, directly using absolute RUL values
can lead to loss functions being dominated by devices with long lifetimes. This may
cause the model to ignore or underestimate the performance on short-lifetime samples,
eventually impairing its ability to generalize across operating conditions and capture
consistent degradation patterns. Furthermore, excessively large labels may result in
unstable gradients during training, potentially causing divergence in the learning pro-
cess.

To address this inconsistency, absolute RUL, y, is normalized by each device’s total
lifetime, converting the target into a percentage of the RUL y∗:

y∗(t) =
y(t)

L
, 0 ≤ y ≤ L. (3.3)

Therefore, y∗ lies within the interval [0, 1] and Equation 3.1 can be reformulated as

y∗(t) = − 1

L
t+ 1, 0 ≤ t ≤ L, (3.4)
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which is shown in Figure 3.2(b). Compared with Equation 3.1, Equation 3.4 has a
fixed bias of 1 and a slope that depends on the total lifetime L, which means y∗ always
decays from 1, and the decay speed of y∗ is inversely related to L. The corresponding
vector form of Equation 3.4 is

y∗ =



y(1)∗

y(2)∗

...

y(t)∗

...

y(L)∗


= − 1

L



1

2
...

t
...

0


+ 1, t = 1, 2, . . . , L. (3.5)

By constraining the range of y∗, normalization not only reduces the scale variance
across samples but also encourages the model to learn generic degradation patterns
rather than device-specific absolute values. Furthermore, it improves training stability,
allows for better loss balancing, and enhances generalization to unseen conditions.

Let F ∈ RDF×L denote the original dynamic measurements of a device, where DF

is the number of raw feature channels, and L is the total lifetime, or it can be called
the sequence length here. Each device also has a vector of static features s ∈ RDs , in
which Ds is the number of environmental variables.

In Step 1, the original time series data F and the static features s are preprocessed
through preprocessing techniques, including feature extraction and selection, to gener-
ate the final input tensor X for the deep learning model. The details will be discussed
in section 3.3

In Step 2, a deep learning model Mrel(·) takes X as input and outputs an estimate
of the relative remaining useful lifetime, denoted as ŷ∗. The process can be formulated
as

ŷ∗ = Mrel(X). (3.6)

Relative value ŷ∗ typically ranges between 0 and 1, where 1 represents the beginning
of operation and 0 indicates end-of-life. The architectures of Mrel will be discussed in
section 3.2.

In Step 3, the estimated ŷ∗ is used to infer the total lifetime L̂ of the device and
absolute remaining useful lifetime ŷ based on the elapsed time t. , which are given by

L̂ = [ L̂(1), L̂(2), . . . , L̂(t), . . . , L̂(L) ]⊤ (3.7)

and
ŷ = [ ŷ(1), ŷ(2), . . . , ŷ(t), . . . , ŷ(L) ]⊤. (3.8)

Elements of L̂ and ŷ can be represented as a function of ŷ∗(t) and t:

L̂(t) = fL(ŷ
∗(t), t) (3.9)

and
ŷ(t) = fabs(ŷ

∗(t), t). (3.10)
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Step 3 enables the mapping from relative degradation patterns to actual remaining
time, providing a quantified and concrete value of lifetime. section 3.3 explains fL and
fabs.

(a) Absolute RUL y, which has a fixed slope −1 and
a bias equal to L.

(b) Relative RUL y∗, which has a fixed bias 1 and
a slope inversely proportional to −1/L.

Figure 3.2: Labels of absolute RUL and relative RUL.

3.1 Feature Engineering

The proposed model not only uses the original feature, but also employs feature ex-
traction and selection to discover hidden information from the measurements. First,
manual feature engineering is applied to raw features, and then feature selection is
performed. For each device, the measurements can be described as 2 data structures:
a dynamic measurement matrix F ∈ RDF×L and a static environment vector s ∈ RDs ,
where DF and Ds denote the number of dynamic and static variables, respectively. F
can be represented as

F =


f⊤1
f⊤2
...

f⊤DF

 , fn ∈ RL, n = 1, . . . , DF , (3.11)

where each row vector fn represents the dynamic sensor readings at time step t, from
the beginning of device operation until failure. While the static input is represented as

s = [s1, s2, . . . , sDs ], si ∈ R, (3.12)

where each si is a constant scalar representing a fixed environment condition during
the lifetime of the device.

To extract meaningful representations from the raw time-series data, handcrafted
feature engineering is applied to the dynamic measurements F before features are fed
into the dynamic model. Specifically, we choose to extract various time-domain fea-
tures from the three signals, including amplitude features (maximum, minimum, peak-
to-peak, RMS), statistical features (standard deviation, kurtosis, skewness), and wave-
form shape factors (waveform factor, peak factor, pulse factor, and crest factor). The
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augmented version F+ after feature extraction is denoted as

F+ =

[
F

Fext

]
∈ R(DF+Dext)×L, (3.13)

in which Fext ∈ RDext×L is the extracted features.

3.1.1 Minimum Redundancy Maximum Relevance

Although a wide range of features were initially extracted to capture the underlying
degradation patterns, not all features contribute equally to the prediction task. Some
of the extracted features may be redundant, carrying overlapping information that
can lead to overfitting or degrade model generalization. Others may be sensitive to
measurement noise or irrelevant to the RUL, resulting in the introduction of uncertainty
and bias to the learning process. Besides, incorporating unnecessary features increases
computational complexity. Unnecessary features can lead to a waste of computational
resources and slow down training.

Therefore, a feature selection process is applied to retain only the most informa-
tive and robust features, ensuring that the model remains efficient, interpretable, and
focused on relevant degradation signals. Minimum Redundancy Maximum Relevance
(mRMR) algorithm [35] is applied to perform feature selection on the extracted fea-
tures. mRMR aims to select features that are highly relevant to the target variable
while minimizing redundancy among the selected features themselves. Specifically,
mRMR evaluates each candidate feature based on two criteria: relevance, which is
typically measured by mutual information between the feature and the target, and
redundancy, which is measured by mutual information between the candidate and se-
lected features. By balancing these two aspects, mRMR ensures that the selected subset
provides diverse informative representations, which can improve both the efficiency and
generalization ability of the predictive model.

To formalize the feature selection process, let the i-th extracted feature be denoted
as f+i , i = 1, . . . , DF +Dext. To avoid confusion, the linear degradation target relative
RUL is denoted as a vector y∗ in this section. The mutual information I(f+i ,y

∗) be-
tween f+i and y∗ is computed via entropy estimation from k-nearest neighbors distances
[36]. Similarly, entropy estimation is applied to calculate the redundancy I(f+i , f

+
j ), i.e.

mutual information between 2 features f+i and f+j . Let Ω denote the set consisting of
all extracted features, and let S represent the subset of features selected from Ω. In
the first iteration of mRMR, S is empty:

S = ∅, (3.14)

which means the algorithm only evaluates relevance. Therefore, the optimization target
is

f̃ = argmax
f+j ∈Ω

I(f+j ;y
∗), (3.15)

which means selecting the feature with maximum mutual information with the target
y∗. The selected feature is added to S. In the remaining iterations, S is not empty
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anymore. The algorithm tries to find a feature not yet included in S that shares infor-
mation I(f+j ;y

∗) with the target c while exhibiting minimal redundancy information∑
f+j ∈S I(f

+
j ; f

+
i ) with features selected in S. The optimization has become

f̃ = arg max
f+j ∈Ω\S

[
I(f+j ;y

∗)− 1

|S|
∑
f+j ∈S

I(f+j ; f
+
i )

]
. (3.16)

The final selected features are denoted as F, and are defined as follows:

F̃ =


f̃⊤1
f̃⊤2
...

f̃⊤|S|

 , f̃n ∈ RL, n = 1, . . . , |S|, (3.17)

in which f̃n ∈ S is the n-th selected features, and |S| in the number of selected features.

3.1.2 Data Alignment

To align the static vector s ∈ RDs with the selected dynamic feature matrix F̃ ∈ RD|S|×L

in the time dimension, s is broadcast and replicated along the temporal axis, resulting
in a matrix S ∈ RDs×L, where each column is identical to s.

To integrate both dynamic and static information, the F̃ is concatenated with the
broadcast static feature matrix S along the feature dimension. This results in an
augmented feature matrix denoted as F̄ ∈ R(|S|+Ds)×L:

F̄ =

[
F̃
S

]
=

[
f̄1 f̄2 · · · f̄L

]
, (3.18)

in which each column of F̄, f̄n ∈ R|S|+Ds , corresponds to a timestamp concatenated
with both the measured data of this time step and the replicated static variables.

To prepare the input for the prediction model, a sliding window of length T is
applied to the augmented feature matrix F̄ along the temporal axis. For simplicity,
denote N = L− T +1. This process slices F̄ into overlapping segments and constructs
the input tensor X ∈ RN×(|S|+Ds)×T . The i-th element of X can be represented as

Xi =
[
f̄i−T+1 f̄i−T+2 · · · f̄i

]
, i = T, T + 1, . . . , L, (3.19)

corresponding to a windowed segment centered at time step i. For consistency in the
following parts, the first dimension of vectors, such as ŷ, is truncated to match the
dimension of Xi. The length of variables will be N rather than L.

3.2 Dynamic Relative RUL Prediction

In the previous section, the preprocessing steps have generated a dataset for deep
learning models. This section will focus on dynamic prediction of relative RUL, which
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involves continuously estimating the degradation state of a device based on sequential
measurements gathered during operation. By continuously updating based on new
data measured during operation, dynamic approaches effectively track the trends of
GaN HEMTs, thereby improving the accuracy of predictions.

To achieve relative RUL prediction, we develop a neural network that combines
the temporal sensitivity of temporal convolutional networks [37] with the adaptive
channel and position selection capability of an attention mechanism. The proposed
design enables the model to capture both local degradation trends and global temporal
dependencies, exhibiting strong robustness to various working conditions.

3.2.1 Temporal Convolution Networks

The proposed model utilizes TCNs, an enhanced form of CNNs, to achieve deeper
feature extraction on manually selected input features while capturing long-range tem-
poral dependencies. Before introducing the TCN architecture in detail, it is essential
to revisit basic CNNs. This review will facilitate a more precise comparison with the
improvements introduced in TCNs and help explain why the TCN is a better model to
deal with our temporal task.

3.2.1.1 Revisit of CNN

CNNs are a widely used class of deep learning architectures that focus on capturing
local patterns within structured data, such as images, signals, and time series. The
core of a CNN is the convolutional layer, which utilizes multiple small, trainable filters
to slide across the input data and extract localized patterns. Unlike fully connected
networks, where each neuron processes all input features, convolutional layers rely
on local receptive fields and shared weights, enabling efficient feature extraction with
significantly fewer parameters. For simplicity, assume that the convolution kernel size
is an odd number k, with the kernel center located at position t in the one-dimensional
sequence x ∈ RT with one one channel. The convolution is defined as

yt =

(k−1)/2∑
i=−(k−1)/2

wi · xt+i, (3.20)

where wi denotes the kernel weights and xt+i is the input sequence element at position
t+ i.

For a more complex case with the input with multiple channels x ∈ RT×C , where T
is the sequence length and C is the number of channels, and a kernel w ∈ Rk×C , the
convolution at position t can be computed as

yt =

(k−1)/2∑
i=−(k−1)/2

C∑
c=1

wi,c · xt+i,c, (3.21)

which means yt is the sum of the convolution on every input channel.
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The structure of a CNN is shown in Figure 3.3. Each neuron in a convolutional
layer is linked to a limited receptive field, and all units share the same filter param-
eters. This architectural design not only minimizes the number of trainable weights,
thereby accelerating convergence, but also improves generalization performance by re-
ducing the risk of overfitting. Due to their localized receptive fields and weight-sharing
mechanisms, CNNs exhibit a strong ability to retain short-term dependencies within
sequential data.

In a practical CNN, A convolutional layer is typically followed by non-linear activa-
tion functions, pooling layers, and normalization strategies to enhance learning capacity
and improve generalization. The activation function introduces nonlinearity into CNNs,
pooling ensures a rapid increase of the receptive field, and normalization stabilizes the
training process by mitigating internal covariate shift and improving convergence.

CNNs are especially powerful in detecting local patterns; however, their ability
to model long-range dependencies is limited by the size of the convolutional kernels
and the depth of the network. A commonly used method for expanding the receptive
field, pooling, tends to incur a loss of information. In time series applications such as
RUL prediction, this constraint can limit performance, motivating the development of
extended architectures like TCNs that are better designed for sequential modeling.

Figure 3.3: Architecture of a vanilla CNN.

3.2.1.2 Architecture of TCN

Building upon the architectural foundation of traditional CNNs, TCNs incorporate sev-
eral key modifications. The two most important features are causal convolution and
dilated convolution. The former ensures temporal causality during training, thereby
preventing the model from accessing future measurements. This design choice elim-
inates the model’s peeking at future information, which is unavailable during online
deployment and could otherwise lead to performance degradation. The latter, in turn,
effectively and efficiently expands the receptive field, enabling the model to capture both
short- and long-term temporal dependencies. In addition, TCN incorporates shortcut
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connections between the input and output of each block to mitigate the vanishing gra-
dient problem commonly encountered in deep networks, thereby enhancing the model’s
training stability. These design enhancements enable the network to capture both
short- and long-term temporal dependencies more effectively, thereby improving over-
all forecasting performance.

3.2.1.3 Causal Convolution

Causal convolution addresses a fundamental requirement in time series prediction by
ensuring that the output at any time step is generated solely from present and past
inputs. As depicted in Figure 3.4, this operation strictly enforces causality by com-
puting the output yt at time t using only previous and current variables x1, x2, . . . , xt,
while explicitly excluding future values xt+i (i > 0). This causality constraint is crucial
in real-world prognostic scenarios, where future data is inherently unavailable during
inference. In standard convolution operations, the output at a given time step is com-
puted using a symmetric window of input values, which may include future data points.
While this is suitable for spatial tasks such as image recognition, it poses a critical issue
in temporal prediction problems: in real-world deployment, future measurements are
not available at inference time. Using such information during training can lead to data
leakage, resulting in significant performance degradation when the model is applied in
online settings.

Causal convolution addresses this issue by shifting the convolutional filter such that
the output at time step t is computed exclusively from the current and previous inputs.
This ensures that the model adheres to the principle of temporal causality, maintaining
consistency between training and inference behavior. Compared with regular convolu-
tion, the filter in causal convolution is shifted to the left (previous side), and the right
side is aligned to ensure that only current and past inputs contribute to the output.
Given an input sequence x ∈ RT , a filter w ∈ Rk of size k, and a current time step t,
the causal convolution is defined as:

yt =
0∑

i=1−k

wi · xt+i (3.22)

In implementation, to preserve the temporal alignment between input and output
sequences, causal convolution employs left-sided zero-padding, effectively allowing the
network to retain the sequence length while avoiding future leakage. Figure 3.4 il-
lustrates how a network composed of causal convolutional layers works. Furthermore,
stacking multiple causal layers increases the temporal receptive field, enabling each out-
put unit to capture dependencies across a wider historical window. This hierarchical
expansion of context facilitates long-range temporal modeling, which is essential for ac-
curate RUL prediction. However, such a design also renders the traditional method of
enlarging the receptive field, pooling, impractical, as pooling would disrupt the causal
structure. Therefore, TCNs require an alternative mechanism to expand the receptive
field.
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Figure 3.4: Mechanism of causal convolution, in which a neuron relies only on the current
and past input features.

3.2.1.4 Dilated Convolution

For a model based on causal convolution, if the receptive field is expanded solely by
stacking additional convolutional layers, the model can only linearly capture long-range
dependencies with respect to the number of layers. The size of the receptive field in-
creases linearly and is limited by the kernel size, which necessitates a deep network with
many layers to relate distant temporal elements. However, as the length of the time
series increases, this leads to a sharp rise in the number of convolutional kernels, result-
ing in an excessive number of model parameters. Such complexity increases training
time and risks overfitting, vanishing gradients, or exploding gradients.

To address these issues, it becomes essential to adopt a more efficient strategy for
expanding the receptive field. In traditional CNNs used for image recognition tasks,
receptive fields are commonly enlarged through pooling operations, which reduce di-
mensionality by applying either average or max filters to the input features. The
rationale behind pooling in two-dimensional images is that visual information often
contains redundancy. Therefore, essential features are preserved mainly after pool-
ing, and irrelevant variations or noise might be suppressed, which means improving
the signal-to-noise ratio. Nevertheless, the pooling operation disrupts the alignment
between the input and output sequence lengths in causal convolution and inevitably
leads to loss of critical temporal information.

To overcome the limitations of linear receptive field growth, TCN integrates dilated
convolution, which effectively enlarges the receptive field by enabling spaced sampling
in the input sequence. This method introduces a dilation rate parameter, denoted as
d, representing the interval at which input points are sampled. Figure 3.5 depicts the
sampling configurations for a convolutional kernel size of k = 3 with various dilation
rates. In Figure 3.5(a), the non-dilated convolution corresponds to a dilation rate of
d = 1, in which inputs are continuous. That is how convolution works in a regular
convolution. While Figure 3.5(b), Figure 3.5(c), Figure 3.5(d) show that for dilation
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rates d > 1, the sampling skips d− 1 neurons between each sampled point.

(a) d = 1. Distance between 2 inputs is 1. In-
puts are continuous.

(b) d = 2. Distance between 2 inputs is 2. 1
neuron is skipped.

(c) d = 4. Distance between 2 inputs is 4. 3
neuron is skipped.

(d) For any d ∈ N+ Distance between 2 inputs
is d. d− 1 neuron is skipped.

Figure 3.5: Effect of dilated convolution with different dilation rate d.

Given a filter of size k and considering causality, dilation rate d, and an input
sequence x, the dilated convolution at this t is computed as

yt =
0∑

i=1−k

wi · xt+d·i (3.23)

In an application scenario, the dilation rate d increases exponentially with the layer
index, following d = 2(n−1), where n denotes the hidden layer number. This exponential
growth strategy enables the network to capture the entire global receptive field with
a minimal number of layers while avoiding the gridding effect, in which some neurons
between the first and the last inputs are not convolved if d is not selected correctly.
Consequently, a neuron at a higher layer can integrate information from all preceding
and current input neurons. Figure 3.6 illustrates a three-layer causal dilated convolu-
tional network with an input sequence length of l = 8, and kernel size k = 2. In this
architecture, a neuron in the output layer establishes connections to every input neuron
occurring at or before its time step, thus effectively encoding the entire past sequence
history after only three hidden layers.

3.2.1.5 Dropout

Dropout [38] is an effective method to prevent overfitting by randomly disabling neu-
rons during the training phase with a predefined probability. This forces the neural
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Figure 3.6: A causal dilated convolutional network, in which k = 2.

network to learn more fundamental and stable feature representations, reducing the risk
of complex dependencies among neurons. Through multiple training iterations, the en-
semble of subnetworks generated by different dropout patterns effectively averages out
overfitting tendencies, leading to improved generalization performance. In the inference
phase, the dropout rate is set to 0, which means all neurons are fully operational to
generate predictions. The TCN architecture integrates dropout layers to strengthen its
resilience and robustness.

3.2.1.6 Residual Module

Residual module was proposed in Residual networks (ResNets) [39]. Although deeper
neural networks theoretically possess stronger representational capacity, in practice,
their performance is often hindered by gradient vanishing or exploding phenomena.
These issues lead to degradation in accuracy, making deeper networks perform worse
than shallower ones. The residual module offers an effective architectural solution
to this challenge by enabling identity mappings through skip connections, enhancing
gradient flow, and preventing performance degradation as the network grows deeper.

A conventional feedforward neural network aims to learn a direct mapping from an
input x to a target output H(x), where H(x) represents the desired complex transfor-
mation, and is entirely modeled by the network layers:

H(x) = F (x), (3.24)

in which F (x) denotes the full nonlinear transformation applied to x. In CNNs, F (x)
is typically implemented using convolutional layers, activation functions, and dropout.

However, in a residual learning framework, the network instead focuses on learning
the residual function between the input and the output. Rather than approximating
H(x) directly, the network is restructured to model:

H(x) = F (x) + x, (3.25)
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in which H(x) still represents the desired final output, but now F (x) represents the
residual mapping, i.e., the change or adjustment that needs to be applied to the input
x to obtain H(x). F (x) is the main path that the network is trained to learn features.
This design enables the network to learn identity mappings more easily when necessary,
and to focus on modeling only the difference between the input and the target output.
This has been shown to ease the optimization process, especially in deep architectures,
and improve gradient flow during training.

As input and output channels differ in CNNs, a 1 × 1 convolution is employed
to align dimensions. This transformation does not introduce additional parameters
beyond reshaping the input. The output channels of the residual path are matched to
those of the main convolutional path, allowing element-wise addition of the main path
and the residual path.

3.2.2 Attention Mechanism

Initially proposed in the context of natural language processing and machine trans-
lation, attention mechanisms [8] allow a network to weigh different input elements
according to their relevance to the current task, significantly improving both inter-
pretability and performance. In recent years, it has emerged as a popular component
in deep learning architectures, enabling models to focus on the most informative parts
of the input dynamically.

3.2.2.1 Self Attention Mechanism

Self-attention mechanism [8] is a widely known form of attention mechanism. It oper-
ates by computing weighted relationships between all input elements through a set of
learnable projections known as query Q = XWQ, which determines what each time
step wants to know, key K = XWK , which represents what each time step can offer,
and value V = XWV , the actual information content weighed by attention. All of
them are linear projections of the same input sequence X via linear transform matrix
WQ, WV , and WK . The attention is calculated as

Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V, (3.26)

in which dk is the factor that scales the sum to avoid saturation of the softmax function.
While highly expressive, self-attention involves substantial computational complexity
and is primarily designed to capture pairwise dependencies in long sequences.

3.2.2.2 Lightweight Attention

Unlike self-attention mechanisms that compute query-key-value interactions across se-
quence elements, lightweight approaches, which focus on the importance of elements in
different positions, rather than the interaction between modeling pairwise interactions
across time or sequence positions, are used in the proposed method. In this mechanism,
importance scores for individual channels or positions are generated using lightweight
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computations, typically involving global average pooling and a subsequent fully con-
nected transformation. The resulting attention map is then broadcast and applied to
the input sequence through element-wise multiplication, therefore modulating the fea-
ture representation according to learned relevance. This process enhances the model’s
ability to selectively focus on critical degradation signals without incurring significant
computational cost. These modules are particularly well-suited for convolutional archi-
tectures in vision and sensor-based tasks, where the goal is to enhance representational
power by emphasizing informative features while maintaining computational efficiency.
As our task involves p-GAN HEMT degradation monitoring, where different sensor
channels may exhibit varying levels of predictive significance, lightweight attention
methods are particularly well-suited for our application, as they enable the model to
dynamically identify and emphasize the most informative sensor signals throughout the
degradation process. In comparison to self-attention, these light methods offer signif-
icant advantages in terms of parameter efficiency, interpretability, and deployment on
resource-constrained devices. Two types of lightweight attention mechanisms, temporal
attention and channel attention, are employed in the proposed methods.

3.2.2.3 Convolutional Block Attention Module

The Convolutional Block Attention Module (CBAM) [9] was originally proposed in
the field of computer vision, where it combines Channel Attention (CA) and Spatial
Attention (SA) to enhance feature representation. The spatial attention component
was designed to help the model focus on critical object regions in an image while
suppressing irrelevant background information.

In the context of RUL prediction, we adopt a similar architectural concept but with
a different interpretation. Instead of spatial locations in an image, we aim to regulate
the importance of different time steps within a temporal slice, as these time points may
vary in relevance depending on their proximity to the prediction horizon. To avoid
semantic confusion, this component is referred to as Temporal Attention (TA) rather
than Spatial Attention, as it operates along the time dimension rather than the spatial
dimension typically found in image-based tasks.

Figure 3.7 illustrates the overall architecture of the CBAM module, which is com-
posed of a Channel Attention module followed by a Temporal Attention module. The
two components are applied sequentially to refine the feature representation through
successive attention weighting. In our framework, the temporal features extracted by
the previous layer are further refined by CBAM, which consists of two sequential sub-
modules: the Channel Attention module and the Temporal Attention module.

Figure 3.7: Architecture of CBAM.
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3.2.2.4 Channel Attention Module

Figure 3.8 shows how CA calculates the weights of channels. The resulting vectors are
then passed through a bottleneck structure based on a shared Multi-Layer Perceptron
(MLP) layer, composed of two fully connected layers, which allows the network to learn
nonlinear dependencies among feature channels. This structure enables the model to
capture global inter-channel relationships, emphasizing the most informative channels
while suppressing those that are irrelevant or noisy.

Given an feature tensor Fin ∈ RC×T from the previous layer, where C is the number
of channels and T is the sequence length, channel-wise attention tries to compute
channel descriptors Fc

avg and Fc
max ∈ RC , which are then used to generate attention

weights that scale each channel accordingly.
Firstly, spatial information is first compressed along the temporal dimension using

both global average pooling and global max pooling, reducing each channel’s temporal
sequence to a single scalar descriptor. These two descriptors respectively capture the
average and the most salient activations of each channel. Global information across the
sequence (or temporal locations) is aggregated using pooling operations. Specifically,
there are

Fc
avg = GAPt(F

in) =
1

T

T∑
t=1

Fin
:,t, Fc

max = GMPt(F
in) = max

t∈[1,T ]
Fin

:,t, (3.27)

where GAPt(·) and GMPt(·) denote global average pooling and global max pooling
over time steps, respectively. These two descriptors capture different aspects of global
channel-wise activation: average trends and strong activations.

After processing, the outputs from the average-pooled and max-pooled branches
are aggregated through element-wise summation and passed through a sigmoid acti-
vation to generate channel-wise attention weights via the bottleneck structure with a
shared MLP. These weights are subsequently applied to the original feature map via
channel-wise multiplication, thus modulating each channel’s contribution to the final
representation. Both descriptors are passed through a shared bottleneck network to
model non-linear inter-channel dependencies and compute the attention weights, as

ac
avg = W2 · ReLU(W1 · Fc

avg), ac
max = W2 · ReLU(W1 · Fc

max), (3.28)

in which W1 ∈ RC
r
×C and W2 ∈ RC×C

r are trainable parameters in the bottleneck
structure, and ReLU(·) denotes the ReLU function. Notice that the weights W1 and
W2 are shared. The outputs are combined to yield the final attention vector

ac = σ(ac
avg + ac

max), (3.29)

in which σ(·) denotes the sigmoid function. The weight of channels ac is the sum of the
refined average and the maximum of temporal positions. Finally, the original feature
tensor is reweighted by the attention vector using channel-wise multiplication

Fout = ac ⊙ Fin. (3.30)
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This mechanism allows the network to emphasize more informative feature channels
while suppressing irrelevant or noisy ones. In time series applications such as RUL pre-
diction with multivariate sensors, channel-wise attention helps to automatically learn
which sensors (or derived features) contribute more significantly at each stage of the
degradation process. Moreover, it introduces minimal computational overhead, making
it suitable for real-time or embedded predictive maintenance scenarios.

Figure 3.8: Architecture of channel attention module. The Shared MLP part block is rotated
by 90 degrees for visual clarity.

3.2.2.5 Temporal Attention Module

The temporal attention module adopts a strategy similar to that of channel attention.
Specifically, global max pooling and average pooling are applied along the channel di-
mension to compress it into a single value for each time step, thereby capturing both the
most prominent and the average response at each temporal location. Unlike the chan-
nel attention module, which uses fully connected layers for nonlinear transformation,
the temporal attention mechanism takes into account the local continuity and correla-
tion inherent in time series data, as well as the extended length of time series inputs.
Therefore, instead of employing a fully connected bottleneck, we use a one-dimensional
convolution to extract localized temporal features. The resulting feature map is then
directly passed through a sigmoid activation function to obtain attention weights for
each time step. Notably, this design eliminates the reconstruction step typically found
in other attention modules, resulting in a more efficient and interpretable mechanism
for modulating temporal features.

Figure 3.9: Architecture of temporal attention module.

Temporal attention is based on the assumption that not all time steps contribute
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equally to the final prediction in time series modeling. Some time steps carry more
critical information due to sudden transitions, fault signatures, or degradation trends.
To address this, we introduce a temporal attention mechanism that dynamically adjusts
the importance of each time step by learning a time-dependent weighting function. This
mechanism helps the model focus on key temporal regions while downplaying irrelevant
or noisy intervals.

Similarly, given an intermediate feature matrix Fin ∈ RC×T , where C is the num-
ber of channels and T is the sequence length, temporal attention computes a scalar
importance score for each time step. First, the input is compressed along the channel
dimension using global pooling, as

Ft
avg = GAPc(F

in) =
1

C

C∑
c=1

Fin
c,:, Ft

max = GMPc(F
in) = max

c∈[1,C]
Fin

c,:, (3.31)

where GAPc(·) and GMPc(·) denote global average pooling and global max pooling
over time steps, respectively. These two descriptors Fc

avg and Fc
max capture the average

and maximum activation patterns over time. To model local temporal dependencies
more effectively than fully connected layers, a lightweight convolutional layer is used:

at = σ
(
Conv1D([Ft

avg|Ft
max])

)
. (3.32)

The attention vector at is then broadcast and applied to the original feature map along
the temporal axis

Fout = at ⊙ Fin. (3.33)

By introducing temporal attention in this form, the model is able to automatically
emphasize the most informative time steps during degradation progression, which is
especially valuable in tasks such as RUL prediction, anomaly detection, or fault local-
ization in multivariate sensor data.

3.2.3 Improved CBAM Attention Module

In addition to the fundamental CBAM model, we further employ an alternative frame-
work that incorporates an improved attention module named Improved CBAM Atten-
tion (IAT)[40], which replaces the original CBAM module. Compared with standard
CBAM, the IAT module introduces stochastic pooling alongside global max pooling
and average pooling within the attention generation process. Stochastic pooling serves
as a regularization technique that introduces controlled randomness to improve model
robustness and reduce information loss. Unlike max pooling, which selects the strongest
response, or average pooling, which treats all features equally, stochastic pooling as-
signs a selection probability to each activation based on its magnitude. Specifically,
activations with larger values are more likely to be selected, but the selection is not
deterministic. This mitigates the over-reliance on extreme values and enhances the
model’s generalization capacity, similar in spirit to dropout.
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3.2.4 Attention-Augmented TCN Block

Attention-Augmented TCN Block is proposed as the key component of the dynamic
prediction network. In each block, the CBAM module is incorporated into TCN to
enhance the important information extracted by TCN. As illustrated in Figure 3.10,
each Block cell is composed of two stacked temporal convolution layers. For simplic-
ity, activation functions and dropout layers following each temporal convolution are
not added to the diagram. A residual path connects the input and output of the
temporal convolution layers to ensure information flow. The CBAM module is placed
after the convolution to reinforce the most informative features. The overall model,
TCN+CBAM, is constructed by stacking multiple such Attention-Augmented TCN
Blocks.

Figure 3.10: Attention-Augmented TCN Block.

3.2.5 Training Objective

To train the proposed model, the Mean Squared Error (MSE) with an L2 regularization
term is employed as the loss function. MSE is a widely used objective in regression
tasks, measuring the average squared difference between the predicted values and the
ground truth. The loss is defined as

LTotal = LMSE + λ · Lreg =
1

N

N∑
i=1

(ŷ∗i − y∗i )
2 + λ∥w∥2 (3.34)

where ŷ∗i denotes the predicted relative RUL, y∗i denotes the true relative RUL label,
N is the number of samples, λ is the strength of the regularization, and ∥w∥2 denotes
the squared L2 norm of the weight vector, equal to the sum of the squared weights.
This loss function penalizes larger deviations more severely, encouraging the model
to make precise predictions. Given the continuous and bounded nature of the label
y∗i in the relative RUL prediction task, MSE serves as a practical choice for training.
Regularization ensures that the model remains simple and generalizable by penalizing
weights and encouraging smooth learning behavior.
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3.3 Absolute RUL Reconstruction

In the section, the relative lifetime left ŷ∗ of the device is estimated, giving an indication
of the degradation process. However, we also want to know how many days are left on
the device. That requires methods to quantify the days by reconstructing the absolute
RUL from the relative RUL.

If the total life L of the device is known, that will be a trivial task, as we can
calculate the absolute RUL by scaling

ŷ(t) = Lŷ∗(t). (3.35)

However, this is meaningless because it is a clear data leakage. If the true lifetime L is
already known, any estimation of the RUL becomes necessary, since L can be directly
substituted into Equation 3.1 to obtain the exact RUL. Recalling Equation 3.4, we can
find a breakthrough by exploiting the known elapsed time t. By rearranging terms and
inverting the numerator and denominator, L can be rewritten as a function of RUL%

and t.

L(t) =
t

1− y∗(t)
. (3.36)

Thus, an estimator of L can be obtained

L̂(t) =
t

1− ŷ∗(t)
. (3.37)

Substituting L̂ into Equation 3.1, the absolute RUL is reconstrued

ŷ(t) = −t+ L̂(t), 0 ≤ t ≤ L. (3.38)

Or we can skip L̂ to get the absolute RUL based on the relative RUL

ŷ(t) =
ŷ∗(t)

1− ŷ∗(t)
t (3.39)

Eventually, we have found a basic estimator of ŷ(t) that depends on the real lifetime
L.

3.4 Static Prediction

To explore the correlation between device lifetime and initial measurements such as
current and environmental variables, a static prediction model is tested. Unlike the
dynamic prediction model, which operates on sliced sequences of time-varying mea-
surements, the static prediction model relies solely on initial features, including envi-
ronmental parameters and the first recorded measurements, to directly estimate the
total device lifetime, expressed in logarithmic scale.

Due to its design, the static model is extremely limited in the amount of training data
it can use, as each trained device only provides one training sample. This constraint
makes it a lightweight but highly constrained baseline.
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(a) Simulated relative RUL based on static predic-
tion.

(b) Simulated absolute RUL based on static predic-
tion.

Figure 3.11: Two kinds of simulated RUL based on static prediction.

To enable a fair comparison between the static and dynamic prediction models, a
simulated RUL sequence must be generated based on the lifetime prediction L̂ from
the static model. Following the same linear degradation assumption, a static prediction
sequence ŷ is constructed to represent the estimated RUL at each time step. Figure 3.11
illustrates such a simulation under relative and absolute RUL prediction cases.

In the case of relative RUL prediction, the simulated RUL has a different slope but
the same start value of 1.

• If L̂ < L (i.e., the predicted lifetime is shorter than the ground truth), the pre-

dicted RUL linearly decays to zero at t = L̂, after which the remaining time steps
are padded with zeros:

ŷt =

{
1− t

L̂
, t ≤ L̂,

0, t > L̂.
(3.40)

• If L̂ ≥ L (i.e., the predicted lifetime is longer than the ground truth), the RUL
sequence is truncated at L:

ŷt = 1− t

L̂
, 0 ≤ t ≤ L. (3.41)

Similarly, in the case of absolute RUL prediction, the simulated RUL has the same
slope of -1 but a different bias, which means it will be parallel to the true RUL.

• If L̂ < L:

ŷt =

{
L̂− t, t ≤ L̂,

0, t > L̂.
(3.42)

• If L̂ ≥ L :
ŷt = L̂− t, 0 ≤ t ≤ L. (3.43)

This formulation enables a direct performance comparison through standard met-
rics, which will be explained and analyzed in section 4.2.
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Results and Analysis 4
4.1 Experimental setup

4.1.1 Dataset description

The datasets used in this thesis were collected by the University of Bologna (UNIBO) on
the p-GaN HEMT device model SGT65R65AL from STMicroelectronics. They tested
the gate lifetimes of multiple p-GaN HEMT devices under various working conditions.
During their tests, each device underwent a run-to-failure test under constant gate
voltage VG and temperature T conditions, with measurement data collected at 2-second
intervals. Additionally, all samples were tested under a fixed drain voltage VD =
0.002V . There are 60 devices tested under various VG and T conditions. For each
specific combination VG, T , the number of tested devices ranges from 1 to 6, with most
combinations containing 3 or 4 test devices.

Raw variables are shown in Figure 4.1. During the run-to-failure test on a device,
the drain current ID and gate current IG were measured at 2-second intervals until the
breakdown of the gate. Besides, the dataset includes the on-resistance Ron, which was
calculated based on Ron = VD/ID = 0.002V /ID, and its normalized version Ron(norm)

based on the first measured Ron during operation. In other words, Ron is a variable
that depends on ID and can be regarded as the scaled reciprocal of ID.

(a) IG (b) ID (c) Ron

Figure 4.1: Dynamic measurements of GaN HEMT Dataset.

Due to the presence of only two independent dynamic measurements in the collected
data, manual feature engineering is performed to extract more informative represen-
tations from the available signals. As the IG appears stable over time, while ID and
Ron exhibit significant noise over time, a second-order Savitzky–Golay filter is applied
to ID for smoothing. The smoothed ID is then used to recompute the correspond-
ing Ron, rather than relying on the original noise Ron values provided in the dataset.
Additionally, the normalized on-resistance Ron(norm) is not used, as it is simply a lin-
ear transformation of Ron, while other normalization techniques will be applied in the
further steps.

Subsequently, the steps explained in section 3.1 are applied to extract and select
features. The final choice of features is shown in Table 4.2. A total of 18 features, in-
cluding IG, ID, and Ron, are selected from the 39 previously extracted features using the
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Variable Format Description

Dynamic measurements

Time t Timestamp
(every 2s)

Collected from the start
to the failure

Gate current IG A -
Drain current ID A -
On-resistance Ron Ω VD/ID
Normalized
on-resistance
Ron(norm)

- Ron normalized

Static environments
Drain voltage VD V Source grounded, fixed

among all conditions
Temperature T C◦ Temperature, fixed dur-

ing the test
Stress voltage VG V Bias voltage stressed on

the device, fixed during
the test

Table 4.1: Descriptions of measurements from datasets.

mRMR algorithm. Additionally, logarithmically transformed t is applied as a feature.
Since degradation often correlates with the time that the device has been in operation,
explicitly providing the elapsed time can improve the model’s ability to align patterns
across samples with varying lifetimes. However, the total lifetime varies among various
conditions, so a logarithmic transformation is applied to compress the range of time
and improve the long-term stability while preserving temporal information by reducing
the effect of large t. As working conditions VG and T are decisive features of device
behavior, both are selected as the input of the dynamic prediction model. On the other
hand, VG is not used as it is a constant among all devices, which means VG cannot
provide any helpful information in prediction. In total, 21 features are retained for the
final input.

4.1.1.1 Hyperparameters

Preliminary experiments indicate that setting the sliding window size to 60 yields op-
timized model performance. Further increasing this value does not lead to noticeable
performance improvement, but significantly increases the training time. With this win-
dow size, slicing the raw signal generates a large amount of training data, resulting in
a high number of samples per epoch and thus enabling rapid model convergence. The
number of epochs is set to 5, which is sufficient to guarantee model convergence. The
kernel size of the TCN, the reduction ratio of the CA, and the kernel size of the TA are
all set to commonly used values, as shown in Table 4.3. The regularization coefficient λ
is set to 0.01, which effectively suppresses part of the noise and reduces prediction er-
ror. However, further increasing this value causes the model to output nearly constant
values. Other parameters are listed in Table 4.3.

Although the receptive field of a TCN requires at least five stacked layers to cover an
input sequence of length 60 in theory fully, preliminary experiments revealed that model
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Variable Description

tlog Logarithmic transformed device operating time
VG Stress voltage
T Temperature
IG Gate current
ID A Drain current
Ron On resistance
IG-min Minimum of IG
IG-max Maximum of IG
IG-p2p Peak to Peak value of IG
IG-RMS Root Mean Square of IG
IG-std Standard deviation of IG
IG-CLF Crest Factor of IG
IG-CRF Clearance Factor of IG
IG-IF Impulse Factor of IG
ID-max Maximum of ID
ID-RMS Root Mean Square of IG
Ron-min Minimum of Ron

Ron-max Maximum of Ron

Ron-RMS Root Mean Square of Ron

Ron-std Standard deviation of Ron

Ron-skew Skewness of Ron

Table 4.2: Final features used in dynamic relative RUL prediction.

performance converges to a stable value when the number of layers reaches 3. A higher
number of hidden layers did not yield detectable improvements. This phenomenon can
be attributed to two factors. First, the attention module builds connections between
inputs over a long distance. Second, each cell contains two dilated convolutional lay-
ers, which further expand the receptive field linearly. Therefore, the model stack 3
Augmented TCN cells to predict RUL.

Parameter value Parameter value

Window size 60 λ 0.01
Number of kernels in each layer [16, 32, 64] Epoch 5
Kernel size of TCN 3*1 Learning rate 0.0001
Reduction of CA 8 Batch size 256
Kernel size of TA 7

Table 4.3: Hyperparameters used in dynamic relative RUL prediction.

4.1.2 Leave-One-Group-Out Cross-Validation

During training, we adopt a Leave-One-Group-Out (LOGO) Cross-Validation (CV)
strategy. The dataset is first grouped based on the operating conditions, specifically
the combinations of the two environmental variables, temperature T and stress voltage
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VG. Samples within the same group are tested under identical environmental conditions,
and thus might exhibit similar degradation patterns. Distribution of groups is shown
in Figure 4.2. In each fold of the LOGO CV, one group is held out as the test set, while
all remaining groups are used for training. The performance of the model is assessed
at the group level.

In this setting, the operating conditions of the test samples are entirely unknown
to the model during training, requiring the model to infer degradation behavior under
new {T, VG} based on prior knowledge. This evaluation scheme enhances the model’s
generalization ability and validates its capability to transfer across different thermal
and electrical conditions. It also simulates real-world deployment scenarios, where the
model must learn and adapt to new environments based on known information. Overall,
this setup provides a stricter and more practical assessment of the model’s robustness
and resistance to overfitting.

4.1.3 Metrics

To quantitatively evaluate the performance of the RUL prediction model, we adopt
five commonly used regression metrics: MSE, Root Mean Squared Error (RMSE),
Normalized RMSE (NRMSE), Mean Absolute Percentage Error (MAPE), and Pearson
Correlation Coefficient (PCC). Defined by

MSE =
1

N

N∑
i=1

(yi − ŷi)
2, (4.1)

MSE measures the average squared difference between the predicted and true RUL
values. It is the loss function during training as well. MSE penalizes larger errors more
heavily and is sensitive to outliers.

RMSE is the square root of MSE, which provides an interpretable measure of pre-
diction accuracy in the same unit as the target variable, given by

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2. (4.2)

NRMSE normalizes RMSE by a reference value, such as the range or mean of the
true RUL, given by

NRMSE =
RMSE

ymax − ymin

, (4.3)

in which ymax and ymax are the maximum and minimum of the true label.

MAPE quantifies the average percentage error and is scale-independent, given by

MAPE =
100%

N

N∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ . (4.4)
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Symmetric Mean Absolute Percentage Error (SMAPE) is a variant of MAPE that
addresses its instability when the true values are close to zero, given by

SMAPE =
100%

N

N∑
i=1

|yi − ŷi|
(|yi|+ |ŷi|)/2

. (4.5)

The Pearson correlation coefficient evaluates the linear correlation between the pre-
dicted and actual RUL sequences. As the true RUL is assumed to be linear, Pearson
provides a useful perspective on the shape of prediction, given by

PCC =

∑N
i=1(yi − ȳ)(ŷi − ¯̂y)√∑N

i=1(yi − ȳ)2
√∑N

i=1(ŷi − ¯̂y)2
, (4.6)

in which ȳ and ¯̂y are the mean of the true values and the prediction.

4.1.4 Selection of Normal Device

Preliminary studies also revealed substantial variation in prediction performance across
different devices. By comparing predictions and measurements of each device, it was
observed that a practical prediction highly relied on the quality of IG. Restricted by
the availability of measurements, the performance of the model is still sensitive to the
pattern in IG Specifically, when IG has a decreasing trend on a long time scale, the
model is able to provide meaningful RUL predictions. Conversely, in the absence of
such a trend, the model tends to fail, yielding random outputs. Based on this pattern,
the devices were categorized into normal devices, which exhibit predictable degradation,
and anomalous devices, which do not. Figure 4.3 illustrates prediction on the 2 classes
and their corresponding IG.

Further analysis shows that the likelihood of a device being anomalous is related
to its operating conditions. As shown in Figure 4.2, anomalous devices predominantly
occur under high VG and low T conditions, whereas increasing T and reducing VG

increases the probability of normal degradation. In general, anomalous tend to have
a shorter lifetime. For groups with all anomalous devices, the lifetime of devices is on
the scale of minutes or seconds. Moreover, anomalous devices in a group with both
classes have a shorter lifetime than their normal group members. Additional examples
are provided in Appendix Figure A.1 and Figure A.2.

Since prediction on anomalous devices is not feasible, we propose to separate the two
classes manually and focus on prediction for normal devices. To validate this approach,
we conducted cross-experiments across different classification sets. Let S denote the
set of all samples, which consists of normal samples N and anomalous samples A, i.e.,

S = SN ∪ SA, SN ∩ SA = ∅.

Cross-experiments were conducted by training on the complete sample set S and
on the normal subset Sn, respectively, to evaluate model performance. The first two
rows of the table correspond to test sets consisting solely of normal samples SN , with
training performed on SN and S, respectively. It can be observed that training on
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Figure 4.2: Distribution of total devices and normal devices under different gate voltages VG

and temperatures T . Each cell represents a group of devices under the same VG and the same
T , showing both the total number of devices and the number of normal devices. The color
of the cell indicates the proportion of normal devices in this group. Conditions without any
tested devices are marked with a cross.

the smaller subset SN yields better predictive accuracy, indicating that the presence of
anomalous data SA in S does not enhance performance but instead introduces noise.

Rows 2,3, and 4 in the table are trained on the complete dataset S, and the average
performance is reported on test sets SN , SA, and S, respectively. The results on SN ,
discussed earlier, show slightly inferior performance compared with models trained
solely on SN . In contrast, testing on SA produces substantial prediction errors, with
a PCC of 0.426, reflecting a very weak linear correlation. This finding is consistent
with Figure 4.2, where the model fails to provide meaningful predictions for anomalous
samples. Row 4 presents the mixed prediction results on the entire dataset S, where
the overall error increases and the PCC decreases significantly.

These findings suggest that the underlying degradation mechanisms differ signifi-
cantly depending on operating environments. In conclusion, prediction on anomalous
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(a) Prediction on a normal device with corresponding IG.

(b) Prediction on an anomalous device with corresponding IG.

Figure 4.3: Examples of normal and anomalous devices.

Training set Test set NRMSE SMAPE PCC

SN SN 0.0825 0.247 0.949
S SN 0.1118 0.306 0.932
S SA 0.2898 0.508 0.426
S S 0.1168 0.313 0.920

Table 4.4: Distribution of error among different splits of training sets and test sets.

devices is infeasible and yields only random results, leading to inaccurate error analy-
sis and misrepresenting the model’s true performance. Moreover, including anomalous
devices in the training set introduces additional noise, resulting in degraded model per-
formance. Therefore, this thesis will focus exclusively on the class of 33 normal devices
that enable meaningful RUL prediction.
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4.2 Results of Static Prediction

Figure 4.4 shows two kinds of common results in static prediction. Static prediction
relies solely on the initial measurements and does not fully exploit the informative
signals available during operation. The results of static prediction are based on a
Gaussian Process Regression (GPR) model. Due to the limited information content and
potential bias in the initial readings, the model often fails to provide accurate lifetime
estimates. Therefore, static prediction exhibits larger errors, including SMAPE and
other metrics. Although static prediction yields exactly accurate results with errors
lower than SMAPE in rare cases, considering the risk of misjudging device lifetime, it
is still not wise to entirely rely on static prediction. The limitations of static prediction
validate the necessity of adopting dynamic prediction, which leverages information from
measurements in operation.

(a) Prediction on Device 14, in which the predicted
lifetime based static prediction is longer than the
true lifetime.

(b) Prediction on Device 31, in which the predicted
lifetime based static prediction is shorter than the
true lifetime.

Figure 4.4: Comparison between dynamic prediction and static prediction.

4.3 Results of Relative RUL Prediction

Model MSE NRMSE MAE SMAPE PCC

TCN+CBAM 0.00944 0.0825 0.0643 0.2472 0.9486
TCN+IAT 0.00949 0.0829 0.0648 0.2466 0.9488
TCN+Transformer 0.01174 0.0953 0.0742 0.2796 0.9430
TCN 0.01080 0.0897 0.0686 0.2599 0.9434
CNN 0.01315 0.1003 0.0782 0.2840 0.9390
LSTM 0.01806 0.1117 0.0831 0.2962 0.9165
TCN+CBAM (anomalies incl.) 0.01606 0.1118 0.0829 0.3060 0.932

Table 4.5: Comparison of errors in relative RUL prediction across methods.

Table 4.5 presents the quantitative evaluation of different models on the relative
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RUL prediction task using multiple metrics. TCN+CBAM is the model we proposed
by stacking Attention-Augmented TCN blocks. TCN+IAT is the model in which
stochastic pooling is added to the attention mechanisms. TCN+Transformer consists
of 2 components. The first components are a few vanilla TCN blocks without attach-
ments. The second part consists of self-attention blocks that follow the stacked TCN.
The model trained on all tested devices S, including anomalous devices, is marked as
TCN+CBAM (anomalies incl.). A CNN and an LSTM are also tested as baselines.
Among all models, the proposed TCN+CBAM model achieves the best performance
overall with the lowest errors in MSE, NRMSE, and MAE. Though its adaptive version,
TCN+IAT, outperforms, their scores are very close, which means they have almost the
same performance in SMAPE and PCC.

Compared to the baseline CNN model, all proposed TCN-based models achieve
notable improvements in prediction performance, demonstrating the superiority of the
modified TCN architecture.

However, TCN+IAT, the variant of TCN+CBAM, does not achieve noticeable im-
provements on CBAM, which suggests that the integration of the newly introduced
structure does not lead to significant further gains. Instead, the two models share
similar SMAPE and PCC, while TCN+CBAM still maintains its advantage in MSE,
NRMSE, and MAE after considering randomness. This suggests that the stochastic
pooling branch in IAT fails to introduce additional informative signals. One possible
explanation is that specific dominant channels contribute the majority of the valuable
information, making the combination of max and average pooling sufficient. Therefore,
the introduction of stochastic pooling might bring more noise than new information.
Moreover, the performance may have already approached its upper bound, and the lim-
ited improvements introduced by IAT might be insufficient to surpass the capabilities of
its basis architecture. It is also worth noting that attention mechanisms are primarily
designed to address issues of feature selection or long-range dependencies. Incorporat-
ing IAT may increase the model complexity without yielding significant performance
gains.

Although the Transformer architecture has shown remarkable success in fields such
as large language models (LLMs), its application to this task does not yield a significant
performance improvement. On the contrary, incorporating a Transformer into the TCN
model results in degraded performance. Experimental results show that its performance
is inferior to that of the CNN model, and only slightly better than the baseline CNN.
The reasons can be attributed as follows: First, the Transformer requires significantly
more parameters compared to lightweight modules such as CBAM and IAT used in the
proposed network. Although overlapping slicing was employed during preprocessing to
generate a relatively large training set, it may still be insufficient for effectively opti-
mizing a Transformer-based architecture. Moreover, the data distribution is inherently
constrained by the limited number of tested HEMT devices, which may cause overfit-
ting when using a high-capacity model like the Transformer. Second, RUL prediction
relies heavily on local degradation trends. TCN, with its dilated convolution struc-
ture, inherently captures local temporal patterns and inductive biases that suit this
task well. In contrast, the Transformer’s global self-attention mechanism may dilute
important local signals, especially when operating on limited data. Additionally, the
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integration design may not have been optimal for this specific task. Without properly
embedding temporal information or preserving local sequential order, the Transformer
module might have disrupted rather than enhanced the feature extraction process.
Therefore, these findings suggest that lightweight, convolution-friendly attention mech-
anisms, such as CBAM or IAT, are better suited attention mechanisms for modeling
localized degradation behavior.

The model based on TCN serves only as an ablation group for the proposed model.
Both added lightweight mechanisms, TCN and IAT, surpass the plain TCN in all
evaluation metrics. These results validate that the integration of channel-wise and
temporal attention allows the model to better focus on informative features by refining
specific locations and suppressing irrelevant variations of the features extracted by
TCN.

Due to the use of short fixed-length slices as input to the model, the long-term
temporal dependencies that LSTM is designed to capture may not be fully utilized.
However, expanding the sequence length fails to improve the prediction performance of
LSTM, because errors caused by noise are accumulated during the recursive updating
process of LSTM. Figure 4.13 shows the results of such noise accumulation, in which
the prediction results of LSTM have higher noise than other tested models. In the case
of Device 41, the predictions of LSTM even saturate, further highlighting the sensitivity
to noise of LSTM. In contrast, CNNs are more effective at extracting local patterns
within limited contexts, making them better suited for short sequence inputs. The
characteristics of CNN may explain why CNN outperforms LSTM in these experiments.

Additionally, complete results of the model trained on all devices TCN+CBAM
(anomalies incl.) are shown in Table 4.5. The resulting performance degrades across
all metrics, confirming that the presence of outliers negatively impacts model behavior,
which supports the effectiveness of the preprocessing step involving anomaly removal.

Figure 4.5 illustrates the central tendency and the dispersion of tested errors, in-
cluding NRMSE and SMAPE, on groups of different operational environments among
different models. In comparison with the baseline CNN, the proposed models exhibit
a noticeable downward shift in both the box range and the locations of the median
and mean, indicating improved prediction performance. In general, it further confirms
the previous conclusion that the TCN adaptations contribute to improvements in pre-
diction performance and that the introduction of the attention mechanism provides
additional enhancement. Besides, it is noticeable that most models exhibit a mean
value of errors lower than the median for NRMSE, indicating a left-skewed error dis-
tribution. This suggests that the model performs consistently across most groups and
generates outstandingly accurate predictions in some cases, resulting in a low average
error. In contrast, SMAPE does not consistently follow such a pattern. A potential
reason is the sensitivity of SMAPE during the phase close to device failure, when RUL
is a very small value, leading to an inflation of error. Moreover, it is observed that
training the model on S not only increases the prediction error, but also results in a
substantial increase in variance. This further motivates the need for careful sample
selection.

To better understand model behavior under varying degradation conditions, we
visualize RUL prediction results for several representative devices among the tested
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Figure 4.5: Boxplots of prediction errors (NRMSE and SMAPE) for different models. Each
data point used in the boxplot is the average error of a certain group under the same T and
VG.

devices. For clarity of description, the devices are categorized into three classes based
on the order of magnitude of their lifetimes: L < 10, 000 s, 10, 000 s < L < 100, 000 s,
and L > 100, 000 s. Figure 4.6, Figure 4.7 and Figure 4.8 show the results of these 3
classes respectively.

For the device with L < 10, 000 s, which is shown in Figure 4.6, prediction results
exhibit a relatively smooth variation curve. The TCN-based model demonstrates im-
proved alignment with the true RUL curve compared to baseline models, CNN, and
LSTM. Based on the TCN model, the introduction of attention mechanisms further
enhances the model’s representational capacity. As a result, the prediction curves of
TCN+CBAM and TCN+IAT are highly consistent with the ground truth. However,
a defect is observed in the final stage of operation, where the predicted RUL does not
drop to zero. This phenomenon is common across multiple GaN HEMTs. A poten-
tial explanation is the increased prediction uncertainty near the end of life, which will
be further discussed in section 4.4. Moreover, the performance of the TCN+CBAM
model trained on the entire dataset is consistent with the earlier discussion, exhibiting
a noticeable deviation from the ground truth.

In the case of 10, 000 s < L < 100, 000 s, which is shown in Figure 4.6, the noise
in the prediction results becomes significantly pronounced at this time scale, whereas
the proposed model demonstrates strong noise robustness. Figure 4.7(a) shows that
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Figure 4.6: Relative RUL prediction on devices with lifetime L < 10, 000 s, in which models
predict smooth results.

TCN models integrated with an attention mechanism exhibit the highest consistency
with the label, maintaining a stable trend throughout all phases of the degradation
process. Their prediction curves are relatively smooth, without significant fluctuations
or systematic deviations. In contrast, the baseline CNN model produces locally un-
stable predictions with occasional abrupt jumps. It also lacks the ability to model
long-term temporal dependencies. While the TCN performs more stably than CNN, it
still shows greater fluctuations compared to its attention-enhanced variants, indicating
limited capacity for fine-grained feature extraction. Besides, LSTM and TCN+CBAM
(anomalies included) demonstrate a weaker capability to capture the degradation be-
havior accurately.

Figure 4.7(b) shows another defect that happens in a few samples of this scale. The
predicted RUL drops to zero prematurely, followed by an abrupt increase to a relatively
high value, after which the prediction resumes its degradation trend. This phenomenon
results in the proposed model failing to outperform the others on these devices, though it
has an advantage before the abrupt point. As mentioned subsection 4.1.4, the prediction
results are strongly related to IG, and this phenomenon is caused by a sudden jump in
IG. The underlying reason may be that the actual degradation process of such devices
differs from that of other HEMTs. However, due to the limited number of devices, we
did not perform further categorization. This issue requires more in-depth investigation
into the degradation behavior of GaN HEMTs.

From the perspective of devices with L > 100, 000 s, which is shown in Figure 4.8,
the noise becomes further amplified, increasing the requirement for the model to track
the main degradation trend under disturbances. Although the proposed model also
suffers from noise like comparison in Figure 4.8(a), it exhibits the best noise suppression
capability among all models. In the end, TCN+CBAM and TCN+IAT converge to
zeros as the noise gradually diminishes in the final stages.

While in Figure 4.8(b), the prediction shows a decelerating degradation trend, rather
than a linear degradation trend. This phenomenon can be attributed to both the
intrinsic behavior IG, which is strongly related to prediction, and the use of logarithmic
time tlog. Specifically, IG itself exhibits a decelerating degradation trend, and due
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(a) Prediction on Device 59, in which prediction exhibits noise.

(b) Prediction on Device 9, in which an abrupt increase occured in the later stage.

Figure 4.7: Relative RUL prediction on devices with lifetime 10, 000 s < L < 100, 000 s.

to the large time scale of operation, the logarithmic transformation of time becomes
less sensitive to time increments in the late stages, which further contributes to the
flattening of the predicted degradation curve.

Figure 4.9 illustrates the prediction performance of the proposed TCN+CBAM
model across 33 different test devices under varying combinations of gate voltage (VG)
and temperature (T ). The results are sorted based on groups. The blue line represents
the true relative RUL, which is assumed to decrease linearly, while the orange line
denotes the predicted RUL generated by the prediction model.

In general, the model demonstrates strong generalization capabilities across diverse
operational conditions. In most devices, the predicted RUL curve closely follows the
linear degradation trend of the ground truth. For example, devices operating at mod-
erate stress levels, e.g., Device 10, exhibit high prediction fidelity, with smooth and
monotonic predictions, as well as minimal deviation from the true RUL.

In some noisy cases, such as Device 42, Device 31, or Device 66, the predicted RUL
shows increased variance, which reflects the challenge of learning accurate degradation
signals under rapidly deteriorating or irregular sensor measurements. Nonetheless,
even in these cases, the model successfully captures the overall degradation trend,
maintaining a reasonably accurate shape and convergence.
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(a) Prediction on Device 31, in which prediction exhibits strong noise.

(b) Prediction on Device 41, in which prediction exhibits a decelerating degradation trend.

Figure 4.8: Relative RUL prediction on devices with lifetime L > 100, 000 s.

Furthermore, the model shows robustness to varying the lifetime of the device.
No matter shorter sequences like Device 15 and Device 17 or longer sequences like
Device 10, the model still manages to generate stable and interpretable predictions
without abrupt failure in performance. This indicates that the TCN backbone, along
with the attention mechanism introduced by CBAM, contributes to effective temporal
representation and adaptability to diverse time series.

Another notable observation is the model’s ability to handle slight prediction lag or
lead at early time steps. While some predicted curves start slightly below or above the
ground truth, like what happened in Device 3 and Device 22, the difference is small and
gradually converges over time, showing the model’s capacity for self-correction during
progressive degradation.

However, certain devices exhibit prediction defects at the end of life, such as failure
to converge to zero (Device 6) and abrupt fluctuations (Device 9) in the predicted RUL,
which can be observed in Figure 4.9. In Device 6, though the predictions are close to
the true values during the early and middle stages of operation, they deviate in the
later stage. The predicted degradation slows down and fails to converge to zero. In
Device 9, the predicted values reach zero earlier than the ground truth. However, they
subsequently increase abruptly to a higher level. Then, decaying continues from the
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high value as the new starting point. The same sharp increase occurs again, but before
reaching zero, and the decay continues after the second increase. A possible reason is
that the breakdown occurs when the predicted value first reaches zero, but this does
not immediately lead to device failure. Rather, the device continues to operate in a
new state for minutes until the final failure. These prediction anomalies may be at-
tributed to irregular sensor behaviors and limitations of the data. Further investigation,
including research about the physical status of devices and monotonic constraints of
the prediction model, is required to fully understand these cases and solve them in a
general architecture.

To sum up, the results of relative RUL prediction have validated the following:

• Transition from vanilla CNN to TCN enhances the capability of extracting tem-
poral information from time series data, while the integration of attention mech-
anisms in the CBAM and IAT modules further improves the performance. On
the other hand, integration of the Transformer into the TCN framework leads to
a higher risk of overfitting, thereby degrading the overall performance.

• Although static prediction can accurately estimate the device lifetime in a few
cases, it generally fails to provide reliable results due to the limited information
available in the initial values. In contrast, dynamic prediction methods can make
more reliable estimates by continuously updating predictions based on information
gathered during operation.

• Anomalous devices cannot be effectively predicted with the available information
and should be excluded from model training to avoid potential interference.

The results also highlight several potential directions for future research, including
solving convergence issues and abrupt jumps in the late stage, as well as methods to
detect and alternative approaches for predicting anomalous devices.

4.4 Uncertainty Prediction via Gaussian Negative Log-
Likelihood

In section 4.3, it is hypothesized that convergence failure during the late stage could be
caused by increased prediction uncertainty. Besides, we also want to further research the
reliability and interpretability of RUL predictions. Therefore, uncertainty estimation
is incorporated into the proposed TCN+CBAM model.

In this study, Gaussian Negative Log-Likelihood (GNLL) is adopted to model
aleatoric uncertainty, which arises from inherent noise in sensor measurements and
operating conditions. GNLL is defined as

L =
1

N

N∑
i=1

(
(yi − ŷi)

2

2σ2
i

+
1

2
log σ2

i

)
. (4.7)

Both ŷi, which represents the mean of prediction, and σi, which represents the standard
deviation of prediction, are the outputs of the predictive model. In practice, as the
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Figure 4.9: Relative RUL prediction results on all tested devices.
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regular regression model provides unbounded outputs, the model is configured to predict
si = log σ2

i , rather than the non-negative value σi. Therefore, Equation 4.7 can be
reformulated as

L =
1

N

N∑
i=1

(
(yi − ŷi)

2

2 exp (si)
+

1

2
si

)
(4.8)

Unlike MSE used in previous sections, GNLL enables the model to learn not only a
point estimate but also the confidence associated with each prediction by assuming that
the target variable follows a Gaussian distribution and trains the model to predict both
the mean and variance of this distribution. Equation 4.7 allows the model to express
uncertainty as heteroscedastic that varies across different inputs. By minimizing GNLL,
the model is encouraged to assign a higher σ to predictions where the residual error is
high, effectively reducing the risk of overconfident predictions on noisy or ambiguous
samples. Application of GNLL provides a more robust and informative prediction
output, which is critical for the application areas of GaN HEMT, where reliability has
priority.

To evaluate the quality of uncertainty estimation, we add three widely used metrics
based on previous metrics, including Prediction Interval Coverage Probability (PICP),
Mean Prediction Interval Width (MPIW), and Continuous Ranked Probability Score
(CRPS).

PICP quantifies the proportion of ground truth values that fall within the predicted
confidence interval, and is calculated as

PICP =
1

N

N∑
i=1

I
[
yi ∈

[
ŷLi , ŷ

U
i

]]
, (4.9)

where ŷLi and ŷUi are the lower and upper bounds of the prediction interval for the
i-th sample. In the experiments, a 95% uncertainty interval is selected, assuming a
Gaussian distribution of the prediction errors.

MPIW measures the average width of the prediction intervals and is defined as

MPIW =
1

N

N∑
i=1

(
ŷUi − ŷLi

)
. (4.10)

A narrow MPIW generally implies more confident predictions. If the prediction interval
is narrow but fails to cover the true values, it may indicate overconfidence and a lack of
reliability in uncertainty estimation. A wide MPIW typically reflects great uncertainty
in the predictions, which means less informative or overly conservative predictions,
reducing the practical utility of the model.

CRPS provides an evaluation of the predicted cumulative distribution against the
ground truth and generalizes MAE to probabilistic forecasts. It is computed as

CRPS(F, y) =

∫ +∞

−∞
(F (z)− I(z ≥ y))2 dz, (4.11)
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where F (z) denotes the predictive cumulative distribution function. In the context of
GNLL, F (z) is the Cumulative Distribution Function (CDF) of the Gaussian distribu-
tion Φ(·). A closed-form expression of CRPS can be formulated as

CRPS(ŷi, σi, yi) = σi

[
yi − ŷi
σi

(
2Φ

(
yi − ŷi
σi

)
− 1

)
+ 2ϕ

(
yi − ŷi
σi

)
− 1√

π

]
, (4.12)

in which ϕ(·) is the PDF of the Gaussian distribution. CRPS rewards predictions
that are both accurate and well-calibrated, penalizing distributions that are either
too narrow (overconfident) or too wide (underconfident). Compared to GNLL itself,
which may be sensitive to extreme values or significant variances, CRPS provides a
more balanced evaluation of the predictive distribution’s shape and coverage, making
it especially suitable for evaluating uncertainty-aware RUL prediction models.

Table 4.6 shows the result of uncertainty prediction. Compared to the point-
estimation model, the GNLL-based model shows a slightly higher prediction error, with
MSE increasing from 0.0094 to 0.0113 and MAE rising from 0.0643 to 0.0663. However,
as the model now focuses not only on minimizing the mean error but also on learn-
ing the predictive distribution, this performance degradation in accuracy is expected
and acceptable. This trade-off is justified by the ability to provide confidence-aware
predictions, which are essential for downstream decision-making in reliability-critical
applications.

More importantly, the model now provides uncertainty-aware predictions, allowing
us to assess its reliability using probabilistic metrics. Specifically, PICP reaches 0.732,
indicating that approximately 73% of the ground truth values fall within the predicted
confidence intervals, while the ideal value should be 95%. MPIW is 0.185, which
suggests that the predicted intervals are not relatively short. Metrics of PICP and
MPIW indicate that the model underestimates predictive uncertainty, failing to cover
tail deviations caused by long-term, correlated noise. However, CRPS of 0.0526 reflects
a reasonable overall quality of the probabilistic forecasts, integrating both the sharpness
and calibration of the prediction distribution.

Although the PICP and MPIW appear suboptimal under ideal Gaussian assump-
tions, the results can be explained when considering the characteristics of the real
noise of the measurements. The practical noise is non-Gaussian and exhibits tempo-
ral dependencies. A fluctuation of noise in prediction can persist over hundreds of
seconds. Therefore, the patterns of noise violate the i.i.d. and Gaussian assumptions
underpinning the GNLL-based uncertainty model, resulting in suboptimal performance.
Nevertheless, CRPS still shows a positive signal that the overall predictive distribution
still maintains reasonable shape and calibration in the central region, reflecting that
the model performs reliably in most time steps.

To further interpret the behavior of uncertainty-aware RUL prediction, we visualize
representative predictions from three test devices. Figure 4.10 shows the 3 represen-
tative uncertainty prediction with 95% confidence intervals. These figures prove the
hypothesis of uncertainty increments in the late stage in section 4.3. The uncertainty in-
terval increases significantly during operation, with its width in the late phase reaching
several times that of the initial phase.

Figure 4.10(a) illustrates the prediction results of Device 7, in which most parts of
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Metrics Values

MSE 0.0113
NRMSE 0.0875
MAE 0.0663
SMAPE 0.266
Pearson 0.943
PICP 0.732
MPIW 0.185
CRPS 0.0526

Table 4.6: Results of uncertainty prediction evaluation.

True RUL are covered in the uncertainty interval. In this case, the prediction results
are close to the true values, and the prediction has a wide uncertainty interval. Fur-
thermore, the standard deviation expands notably when the predicted value diverges
from the actual degradation trend in the late stage. This phenomenon can be explained
by the balanced nature of GNLL. When the predicted value deviates from the ground
truth, the model increases the predicted uncertainty to compensate for the loss.

In contrast, Device 36 in Figure 4.10(b) demonstrates a narrow uncertainty interval.
Throughout the entire degradation process, the predicted RUL is still close to the
ground truth but with a certain distance from it and a few intersections, and the
uncertainty band remains relatively tight, indicating a high level of confidence in the
model’s prediction. Therefore, though errors are not high, this device has a very small
PICP. Around t = 10, 000 s, the prediction decreases and crosses the ground truth
sharply. As the prediction is getting closer to the true RUL, the model gets more
confident and provides a very small uncertainty.

When the noise becomes larger, the pattern of uncertainty will be different. Fig-
ure 4.10(c) shows such an example of Device 59. The degradation signal contains strong
oscillations and noise throughout the timeline. Correspondingly, the uncertainty band
is consistently wider, especially in regions with intense fluctuation. This suggests that
the predicted standard deviation adapts to the local signal complexity, capturing model
uncertainty caused by volatile patterns or anomalies.

To sum up, uncertainty prediction introduces a trade-off between a slight increase
in prediction error and the ability to quantify prediction uncertainty. This allows for
a more comprehensive evaluation of model performance in realistic device-level RUL
prediction scenarios. Furthermore, the analysis of prediction results supports the ear-
lier hypothesis that uncertainty tends to increase in the later stages of degradation.
However, due to variations in data distribution across devices, the model exhibits dif-
ferent levels of under- or over-confidence. This highlights the need for further design
improvements, as well as adjustments in model architecture and hyperparameters, to
achieve a more generalized solution that performs consistently across most devices.
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(a) Device in which the majority of the ground truth is encompassed within the uncertainty interval.

(b) Device in which the majority of the ground truth is encompassed outside the uncertainty interval.

(c) Device in which the uncertainty is heavily affected by noise.

Figure 4.10: Visualization of prediction results and their uncertainty intervals.
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4.5 Results of Total Lifetime Estimation and Absolute RUL
Reconstruction

Relative RUL ŷ∗ has been estimated in section 4.3, which functions as a percentage of
lifetime left. This section will return to this topic and show the result of the estimated
total lifetime L̂ and reconstructed absolute RUL ŷ.

Several practical adjustments are made in implementation, compared to the theo-
retical formulation. Since the predicted relative RUL values may fall outside the [0, 1]
range, we first apply truncation to ensure that all predicted values ŷ lie within this
interval. To avoid division-by-zero issues during the early stages of prediction, a small
constant ε = 0.01 is added to the denominator during the reconstruction process. That
gives us the actual step to estimate L̂

L̂(t) =
t

1− ŷ∗(t) + ε
. (4.13)

As a fixed term is added to the denominator when calculating L̂, if we put the result
L̂ in Equation 3.38, errors will be accumulated. Therefore, it is always to use ŷ∗ to
reconstruct ŷ, which means

ŷ(t) =
tŷ∗(t)

1− ŷ∗(t) + ε
(4.14)

Model
ŷ L̂
NRMSE SMAPE PCC MSE MAE

TCN+CBAM 0.236 0.416 0.691 0.0589 0.166
TCN+IAT 0.240 0.418 0.684 0.0608 0.168
TCN+Transformer - 0.445 0.627 - 0.186
TCN 0.239 0.421 0.669 0.0598 0.166
CNN 0.281 0.462 0.598 0.0902 0.189
LSTM 0.278 0.455 0.584 0.0895 0.194

Table 4.7: Results of Absolute RUL and Estimated Total Lifetime

The results of reconstructed L̂ and ŷ∗ are listed in Table 4.7. Given the differences in
temporal scales among devices, NRMSE, SMAPE, and PCC were adopted to assess the
prediction performance of ŷ. As true L remains constant across samples, normalization
was applied to both the estimated values L̂ and L in calculating MSE and MAE.

The overall conclusion is similar to what was previously observed in relative RUL
prediction. Compared with vanilla CNN, TCN has better performance in all metrics.
Both TCN+CBAM and TCN+IAT achieve the lowest values across most error metrics,
except for PCC, indicating superior accuracy in RUL prediction and validating the
improvements brought by the attention mechanism. However, the reconstructed results
reveal many new and distinct insights.

Due to the overfitting issue of the Transformer model, it continuously outputs a
value of 1 during the initial stage for certain samples. As a result, the prediction error is
significantly amplified in the division. This issue is further exacerbated when computing
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Figure 4.11: Absolute RUL Prediction on device with Lifetime L < 10, 000 s, in which models
predict smooth results.

squared error metrics such as MSE and NRMSE, leading to abnormal NRMSE of ŷ and
MSE of L̂. Therefore, the 2 values are not presented. This result further supports the
earlier conclusion that the limited dataset used in this thesis is still insufficient to
adequately train a Transformer-based model, resulting in performance degradation of
outputs and fatal errors in reconstruction.

Moreover, in the relative RUL prediction task, LSTM performed noticeably worse
than the other baseline, CNN. However, in the reconstruction-based evaluation, LSTM
showed slightly better performance overall, with only PCC and MAE being inferior to
CNN. This is likely because the reconstruction approach amplifies errors in the early
stage of operation, during which both models exhibit similar behavior. As a result,
their overall performance appears quite comparable.

Figure 4.11, Figure 4.12 and Figure 4.13 and the reconstructed results respectively
corresponding to Figure 4.6, Figure 4.7 and Figure 4.8.

Figure 4.11 is the reconstructed RUL of a device with lifetime L < 10, 000 s. The
proposed model exhibits a relatively slow start-up behavior, which means the predicted
relative RUL is smaller than the ground truth in the initial stage. However, the pro-
posed model quickly catches up with the ground truth and maintains close to the true
RUL, indicating reasonable tracking performance and validating its superiority. This
figure also explains the failure of TCN+LSTM models in NRMSE and MSE, as it gives
a high estimation several times larger than the ground truth.

Figure 4.12 shows the reconstructed RUL of a device with lifetime 10, 000 s < L <
100, 000 s. Figure 4.12(a) shows that the noise is amplified by the term in the de-
nominator. In the beginning, when t is small and ŷ∗ is close to 1. As the operation
continues, ŷ∗ will decrease as t increases. Therefore, fluctuation in the TCN+CBAM
and TCN+IAT also decreases during operation. Constrained by its representational
capability, the LSTM model remains inadequate in effectively managing noisy input
data. Figure 4.12(a) shows the noise is amplified when t

Figure 4.13 illustrates the reconstructed RUL of a device with lifetime L > 100, 000 s.
Similarly, predictions also show a noise decrease during operation.

Figure 4.15 and Figure 4.14 shows the estimated L̂ and reconstructed ŷ among all
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(a) Prediction on Device 59, in which prediction exhibits noise.

(b) Prediction on Device 9, in which an abrupt increase happened in the later stage.

Figure 4.12: Absolute RUL Prediction on Device with Lifetime 10, 000 s < L < 100, 000 s.

devices based on TCN+CBAM model.
The estimated values of L̂ across different devices reveal several typical behaviors.

• 1. In many samples, L̂ exhibits sharp peaks or rapid increases during the initial
stage. This is consistent with the theory that degradation cannot be detected in
the beginning. Therefore, the predicted RUL ŷ remains nearly constant close to 1
in the initial stage. The estimation of L̂(t) = t/(ŷ(t) + ε) becomes a proportional
function of t with a fixed slope, which explains the sharp increase in the beginning.

• 2. During operation, L̂ gradually stabilizes as the degradation process progresses.
This suggests that once the model identifies a consistent degradation trend, it
can provide a reliable estimation of the degradation rate. However, some samples
display irregular fluctuations or even rising trends in the later stages, which often
correspond to cases where the predicted RUL fails to converge to zero or where
data noise dominates. These results indicate that the robustness of L̂ estimation
is closely tied to the quality and stability of relative RUL prediction.

Although absolute RUL prediction has been achieved effectively, the issues observed
in relative RUL prediction and L estimation are similarly reflected in ŷ. For instance,
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(a) Prediction on Device 31, in which prediction exhibits strong noise.

(b) Prediction on Device 41, in which prediction exhibits a decelerating degradation trend.

Figure 4.13: Absolute RUL Prediction on Device with Lifetime L > 100, 000 s.

Device 42 shows accelerating degradation, rather than linear degradation. Device 24
fails to converge to 0.

An effective estimator can be a promising solution. For now, all L̂(ti) and ŷ(ti)
are calculated based on the instantaneous value of ŷ∗(ti). An estimator exploiting
ŷ(t = ti) = f(ŷ∗(1), ŷ∗(2), . . . , ŷ∗(ti)) might suppress fluctuations while preserving the
overall degradation trend.

To sum up, the results of absolute RUL prediction and total lifetime can be con-
cluded as follows:

• Proposed TCN+CBAM and TCN+IAT models realize the complete pipeline of
RUL prediction from relative RUL to absolute RUL and outperform comparisons.

• Features of the estimated total lifetime and absolute RUL are explored and ex-
plained based on concrete theory and experimental results. Potential solutions
for current issues are proposed.

The results also highlight several potential directions for future research, including
solving convergence issues and abrupt jumps in the late stage, as well as methods to
detect and alternative approaches for predicting anomalous devices.
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Figure 4.14: Estimated L results on all tested devices.
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Figure 4.15: Absolute RUL prediction results on all tested devices.
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Conclusion and Future Work 5
5.1 Conclusion

GaN HEMTs, as a promising power electronics device, offer significant advantages in
terms of switching performance, efficiency, and thermal characteristics. These transis-
tors, based on wide bandgap materials, enable faster switching frequencies, lower con-
duction losses, and higher power densities compared to traditional silicon-based devices.
Their ability to operate under various conditions makes them particularly suitable for
modern power conversion applications. As power electronic systems continue to evolve
toward higher performance and miniaturization, GaN HEMTs have emerged as a key
enabling technology, capable of meeting the increasingly demanding requirements in
efficiency, compactness, and reliability.

However, ensuring the long-term reliability of GaN HEMTs remains a key challenge.
Over time, performance degradation may occur, increasing the likelihood of device fail-
ure and threatening the stability of the overall system. As a result, accurately predicting
device lifetime becomes crucial for preventive maintenance and reliable system oper-
ation. Previous studies have primarily focused on modeling the survival rate of GaN
HEMTs on a statistical level. These population-based approaches typically emphasize
group-level statistics, rather than capturing the nuanced degradation behavior of indi-
vidual devices. While helpful for observing general reliability patterns, they often fail to
account for device-to-device variability that occurs in practical deployment scenarios.
Moreover, these models do not fully utilize the value of real-time measurement data,
which could potentially enhance prediction accuracy at the individual device level.

To overcome these limitations, this thesis presents a prediction framework that
incorporates a TCN augmented with CBAM. The framework is designed to estimate
the RUL of p-GaN HEMT devices using dynamic signal measurements collected during
actual operation. Different from traditional lifetime prediction methods in GaN HEMT,
which focus on the statistics of a group under specific environments. This work designed
a comprehensive pipeline that predicts the lifetime of individual HEMTs based on
environmental conditions and operational measurements. The key contributions of this
thesis are as follows:

• Considering the significant variations in the lifetime of GaN HEMT devices under
different operating conditions, a step-by-step prediction framework is designed.
First, a deep learning model is employed to estimate the relative RUL. Then,
a conversion method is proposed to transform the predicted relative RUL into
absolute RUL expressed in seconds, enabling the estimation of the total device
lifetime.

• Based on RUL prediction techniques, a deep learning model was developed for
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lifetime estimation of GaN HEMTs. Manually extracted time-domain features
were selected using the mRMR algorithm to construct the training dataset. By
integrating attention mechanisms into the TCN architecture, which is designed for
time series processing, the model further enhances its ability to capture temporal
degradation patterns. The effectiveness of the proposed model was validated
through experimental results.

• To improve generalization across varied operating environments, the model is
trained and evaluated using a Leave-One-Group-Out Cross-Validation scheme.
Devices are clustered based on their environmental conditions, and the model
learns from all but one group used for testing. This strategy enables the model
to make lifetime predictions under unseen conditions, ensuring its adaptability to
new scenarios. By incorporating real-time degradation information and learning
from operational variability, the proposed framework improves prediction accuracy
and robustness, supporting more reliable health management of GaN-based power
electronic systems.

• To enhance the reliability and interpretability of RUL prediction, uncertainty
quantification was incorporated into the proposed framework. By adopting GNLL
as the training loss, the model was able to output both predicted RUL values and
their associated uncertainty intervals. This capability supports more informed
and risk-aware decision-making in practical applications.

5.2 Future Work

Although this thesis has achieved several meaningful results, it has also revealed some
challenges that require further investigation. Future research directions include the
following:

• Further research on the deep learning model can be done. In this thesis, the
ablation study is limited to a TCN without the CBAM module. Future research
can focus on the contribution of each component to the improvements, including
the channel attention module, the temporal attention module, and the residual
path. Additionally, integrating state-of-the-art architectural elements may further
enhance the model’s accuracy and generalization capability.

• As the model is intended to be deployed on memory-constrained devices in in-
dustry, it is essential to conduct a comprehensive evaluation of its computational
efficiency. Future work should include analysis of key performance indicators such
as floating-point operations (FLOPs) and memory footprint. It is necessary to
conduct experiments by deploying the model on hardware to evaluate its practical
performance.

• This estimated absolute RUL is based on instantaneous predictions. If future
research can apply some advanced estimators to exploit historical predictions fully,
the noise can be suppressed, and the accuracy can be further improved.
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• In this thesis, the proposed model cannot handle anomalous devices tested under
extreme environments. Further investigation into the physical characteristics of
these samples and their degradation behaviors is necessary. In particular, future
work should aim to develop mechanisms capable of consistently predicting the
lifetime of both normal and anomalous devices, or dedicated approaches explic-
itly tailored for anomalous devices could be explored to provide effective lifetime
estimation solutions.
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[34] C. Ordóñez, F. Sánchez Lasheras, J. Roca-Pardiñas, and F. J. de Cos Juez, “A
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Examples of normal and
anomalous devices A

(a) Device 59

(b) Device 57

(c) Device 30

Figure A.1: Examples of normal devices and corresponding IG.
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(a) Device 47

(b) Device 61

(c) Device 5

Figure A.2: Examples of anomalous devices and corresponding IG.
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