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Abstract

Accurately predicting the remaining useful life (RUL) of aircraft engines across var-
ying working conditions is challenging, particularly due to the absence of labeled
data in the target domain. Traditional approaches in unsupervised domain adaptation
(UDA) have largely focused on working-condition-invariant (domain-invariant) fea-
tures, often overlooking the valuable contributions that working-condition-related
(domain-related) features can provide. To address this limitation, we propose a novel
UDA framework that explores the potential contributions of working-condition-
related features and leverages the synergy between working-condition-invariant and
working-condition-related features for cross-domain RUL prediction. Our approach
involves the development of two specialized feature generators, one for working-
condition-invariant features and another for working-condition-related features. We
employ orthogonality constraints to optimize the expression of both feature types
and ensure their independence within the feature space, which effectively reduces
interference between them. Combined with a domain discriminator and a domain
classifier, this setup allows our RUL predictor to harness the combined strengths
of both feature types under varying working conditions. The effectiveness of our
approach is validated through extensive experiments across twelve distinct working-
condition scenarios, demonstrating a significant improvement in prediction accu-
racy, with a 9.3% reduction in root-mean-square error (RMSE).
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1 Introduction

Predicting the remaining useful life (RUL) of aircraft engines is pivotal for the
efficacy of prognostics and health management (PHM) systems, with engine mal-
functions potentially leading to substantial economic losses and heightened safety
risks [1-5]. Aircraft engines are subjected to time-varying operating conditions and
diverse fault modes, resulting in heterogeneous condition monitoring data distribu-
tions [6, 7]. Changes in flight altitude, air density, and temperature impact engine
performance and fault modes. For instance, higher altitudes reduce efficiency and
alter component stress, which can manifest as distinct wear patterns and behaviors
across various operational scenarios. This situation can be depicted by Fig. 1, where
the sensor signal distributions vary significantly across different working conditions,
highlighting the substantial impact of the working environment on the sensor read-
ings. For instance, the distribution under working condition A shows the highest
peak, whereas working condition D exhibits a lower and more dispersed distribu-
tion. Such variations in the data distributions are critical for developing machine
learning models, especially for tasks involving cross-domain learning and adapta-
tion. The inherent variability in condition monitoring data significantly undermines
the efficacy of traditional RUL prediction methodologies, leading to compromised
accuracy amid shifts in working conditions. These methodologies often assume an
identical distribution (i.i.d.) of training and test data, which is a presumption rarely
valid for the RUL prediction task of aircraft engines. Consequently, the shift toward
dynamic, non-identical working conditions urgently necessitates the development
of innovative prediction models that can effectively handle diverse conditions and
deliver reliable predictions.

The RUL prediction of aircraft engines across various working conditions can
be considered a quintessential unsupervised domain adaptation (UDA) prob-
lem. This characterization stems from the fact that the RUL models must gen-
eralize across diverse engine operating environments (each resembling a distinct
domain) without the benefit of labeled training data in many of these domains. In
addressing this UDA problem, researchers have employed a variety of strategies.
In the early works, approaches focused on re-weighting or selecting samples from
the source domain or seeking an explicit feature space transformation from the
source distribution to the target distribution, effectively mitigating the data shift
problem within the shallow learning regime [8—11]. These shallow UDA methods
have proven capable of bridging the gap between differing working conditions by

Fig. 1 The probability density
distributions of condition moni-
toring data under four different
working conditions

- Working condition A
Working condition B
- Working condition C
Working condition D
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adapting the data distribution, thus facilitating a more accurate RUL prediction
under varied working conditions. Although these shallow approaches provide a
solid foundation for domain adaptation, they often rely on domain expertise and
manual feature engineering to achieve the desired adaptability. More recently,
leveraging deep learning techniques marks a significant shift in UDA strategies
for RUL prediction. Deep UDA methods, utilizing deep neural networks, aim to
automatically learn the domain-invariant feature that is robust across different
operational states. By adopting an end-to-end learning approach, these methods
mainly focus on extracting features that remain consistent across domains, and
some of them also attempt to retain domain-specific information that is crucial
for accurate RUL prediction. The emergence of deep UDA methods indicates a
promising direction for future research in RUL prediction across varying working
conditions.

Among the deep UDA methods, statistics-matching-based methods and adversar-
ial-learning-based methods are the most prevalent [12]. The former, i.e, statistics-
matching-based UDA methods, minimize domain discrepancy in a latent feature
space through distribution dissimilarity/similarity metrics, such as maximum mean
discrepancy (MMD) and correlation alignment (CORAL) and Wasserstein distance,
to measure the distributions discrepancy [13-20]. Thus, statistics-matching-based
UDA methods usually involve minimum optimization problems. The latter, i.e.,
adversarial-learning-based UDA methods, attempt to adaptively learn a measure
of divergence, instead of the choose of a divergence measure. These methods learn
domain-invariant representations to reduce the domain discrepancy via adversarial
learning and min—max optimization [21-23]. More recently, some researchers have
attempted to integrate adversarial-learning-based UDA methods with statistics-
matching-based methods to enhance prediction efficiency [24-27].

Despite the good performance reported by these deep UDA methods, there is a
limitation that hinders improved performance. Some UDA methods remove impor-
tant domain-related information, and the domain-invariant feature generated can-
not guarantee accurate cross-domain RUL prediction, as working conditions can
impact the degradation process of aircraft engines. To improve prediction accuracy,
researchers have explored extracting target-related features [28—30]. These methods
attempt to preserve target-related mutual information while learning domain-invar-
iant features via the integration of parameters-based and adversarial-learning-based
UDA methods [28], the introduction of contrastive learning [29] and representation
disentanglement learning [30]. However, in these studies, the target-related mutual
information can be contaminated by the noise or the domain-invariant information
during training without constraints. Besides, domain characteristics of target-related
features are considered, but the source-specific features are ignored, which can also
benefit the cross-domain RUL predictions [31].

In this research, we focus on predicting the RUL of aircraft engines across various
working conditions, with a particular emphasis on incorporating working-condition-
related features such as flight altitude and Mach number, which significantly influ-
ence engine degradation. By integrating these working-condition-specific insights
into our RUL prediction model, we aim to improve the accuracy and generalization
capabilities of the predictions, especially under shifting working conditions.
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Motivated by the concept of feature disentanglement, we introduce a novel UDA
method, named UDATrans, that builds upon the traditional DANN. Our approach
enhances the model by including a working-condition-related feature generator and
a domain classifier in conjunction with the traditional working-condition-invariant
feature generator and domain discriminator. This setup allows for the independent
extraction and optimization of both types of features, applying orthogonality con-
straints to reduce their mutual interference effectively. The domain discriminator
drives adversarial learning to refine the use of working-condition-invariant features,
whereas the domain classifier focuses on harnessing the potential of working-condi-
tion-related features. Consequently, the RUL predictor utilizes the synergy between
these two feature types to provide robust RUL estimates under dynamically chang-
ing working conditions.

The main contributions of this work are fourfold:

e Considering working-condition-related factors such as altitude and Mach num-
ber that significantly impact the remaining useful life (RUL) of aircraft engines,
this paper innovatively explores the potential contributions of working-condi-
tion-related features in scenarios involving cross-working conditions. Unlike tra-
ditional studies that often overlook or discard such working-condition-specific
information and rely solely on working-condition-invariant (domain-invariant)
features for RUL prediction, our approach integrates both working-condition-
invariant and working-condition-related features. This integration not only aims
to enhance the adaptability and accuracy of the predictive model across diverse
working conditions but also addresses the gap in current methodologies by uti-
lizing information that was previously neglected.

¢ To investigate the potential contributions of working-condition-related features
to RUL predictions for aircraft engines, we employed orthogonality constraints
to disentangle working-condition-invariant and working-condition-related fea-
tures. This approach optimizes the expression of both types of features, ensuring
their independence within the feature space and thereby reducing interference
between them. Moreover, by integrating the use of discriminators and classifiers,
we explored the interaction mechanisms between working-condition-invariant
features and working-condition-related features. This study provides a new per-
spective on how these features collaboratively influence RUL predictions across
varying working conditions.

e In the experimental study conducted on the C-MAPSS dataset, we investigated
the potential contributions of domain-related (working-condition-related) fea-
tures and explored the interaction mechanisms between working-condition-
invariant features and working-condition-related features in cross-domain RUL
predictions. Our UDATrans method achieved the best overall performance, out-
performing state-of-the-art methods across various cross-working-condition
scenarios. Besides, the experiment results demonstrated that in the majority of
working-condition shift scenarios, the fault-mode shift problem poses a more
significant challenge compared to the operating condition shift problem.
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The remainder of the paper is organized as follows. Section 2 and Sect. 3 present
the related work and problem formulation. The framework of the proposed method
(UDATrans) is described in Sect. 4. Experiments are conducted in Sect. 5. We con-
clude the paper in Sect. 6.

2 Related work

The work related to this paper generally concerns two aspects, i.e., the UDA meth-
ods to handle the problem of working-condition shift and the deep learning algo-
rithms for the RUL representation.

2.1 The UDA methods to handle the problem of working-condition shift

The UDA methods transfer the knowledge from the labeled source domain to the
unlabeled target domain under the shifted working condition. These UDA meth-
ods can be roughly classified into two categories, i.e., statistics-matching-based
methods and adversarial-learning-based methods. Statistics-matching-based UDA
methods align feature distributions across domains by minimizing the distribution
discrepancy and task risks via distribution dissimilarity/similarity metrics, such as
maximum mean discrepancy (MMD). For instance, Li et al. [14] designed a shrink-
age attention module to improve the sparsity of attention weights, which enables
the model to pay more attention to critical features and overlook irrelevant infor-
mation. Their study introduces the representation of subspace distance loss and
the bases mismatch penalization loss. Jin et al. [15] constructed a domain adaptive
residual network for the cross-domain RUL prediction of aircraft engines, in which
multi-layer multi-kernel MMD (MKMMD) is introduced to reduce the distribution
discrepancy of different domains. Likewise, He et al. [13] introduced joint MMD
(JMMD) to simultaneously measure the distance of marginal and conditional proba-
bility distributions in different domains. Similar improved MMD methods have been
proposed in [16-20]. However, the disadvantages of these methods lie in that they
may not fully utilize the unlabeled target data about the domain-related information,
which can lead to limited performance improvement in RUL prediction.
Adversarial-learning-based UDA methods learn domain-invariant representations
to reduce the differences in the distribution of data from the source domain and tar-
get domain at the feature/representation level, with the guidance of a domain dis-
criminator as an adaptively learned divergence measure [8]. Inspired by generative
adversarial networks (GANs), adversarial-learning-based methods train the model
to confuse the domain classifier to minimize the domain discrepancy. The feature
representation model can extract discriminative and invariant features to the change
of domains through implicit adversarial metric functions. Usually, the feature rep-
resentations are simultaneously sent to a domain discriminator and a task classifier
in the adversarial learning [8]. For instance, da Costa et al. [32] have attempted to
solve the cross-domain RUL prediction problem through long short-term memory
(LSTM) and adversarial training. Zhang et al. [33] assumed that the target domain
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may contain multiple unknown operating modes, and then, proposed a multi-
domain decoupling adversarial-learning model based on three-dimensional metrics
to achieve fine adaptation to distinguishable structures in the target domain. Nev-
ertheless, these adversarial-learning-based methods may lose useful target-related
information, limiting the performance of the cross-domain RUL prediction task.
To this end, Ragab et al. [28] integrated parameters-based and adversarial-learning-
based methods, which captured the domain-invariant feature while preserving the
target-related feature with a contrastive loss-based approach. Further, Zhuang et al.
[29] considered that the local semantics of degenerate features and mutual informa-
tion from the target domain may be discarded when aligning the distribution of the
source domain and target domain, and they introduced contrastive learning into the
adversarial-learning-based UDA network.

More recently, some researchers have attempted to integrate adversarial train-
ing-based UDA methods with other UDA methods to enhance prediction accuracy.
For instance, Fu et al. [24] integrated statistical-matching-based UDA with domain
adversarial learning in a deep residual LSTM network based on multi-kernel MMD
to extract domain-invariant features for improving the RUL prediction performance
in scenarios of working-condition shift of aircraft engines. Ye and Yu [25] pro-
posed a selective adversarial DA model through MMD-based selective interaction
and adversarial learning. Similarly, Shi et al. [26] presented a Wasserstein distance-
based deep multi-scale CNN domain adversarial network for the RUL prediction of
aircraft engines, which not only avoids the problem of gradient vanishing but also
enhances the robustness of the adaptive RUL prediction. However, the noise or
domain-invariant information can contaminate the target-related mutual information
during training without constraints. Therefore, to consider the working-condition-
related information (not only in the target domain but also in the source domain), we
present a UDA method based on the domain-invariant feature and domain-related
feature for the RUL prediction task of aircraft engines under scenarios of working-
condition shift.

2.2 The deep learning algorithms for the RUL representation

Recurrent neural networks (RNNs), LSTM, and gated recurrent unit (GRU) are
the most widely used deep learning algorithms for RUL representation of aircraft
engines, due to their excellent capability in capturing the temporal relationship
among time series of sensory data [18, 34]. Furthermore, the attention mechanism
is applied to these recurrent models to improve the deep feature learning capabil-
ity [35-37]. However, in these recurrent models, the condition monitoring sensory
data are processed sequentially, resulting in accumulated errors and high computa-
tion costs.

The Transformer [38] employs the self-attention mechanism instead of recur-
rent networks, showing excellent temporal feature extraction capabilities and
allowing for parallel computation. Several Transformer-based approaches have
been proposed in the field of RUL prediction of aircraft engines [39—43]. How-
ever, these Transformer-based RUL prediction models have shown a limitation in
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capturing the long-term dependencies among the multi-sensory data of aircraft
engines. To this end, Informer [44] proposed the ProbSparse self-attention to
enable the model to deal with long-range dependencies with less cost than Trans-
former. Therefore, in our study, we select the Informer—a successful variant of
Transformer, to be the base deep learning network of UDATrans.

3 Problem formulation

We use P(Xy) and P(X;) to denote the data distributions of source domain data xils)

and target domain data x( ) , respectively. Therefore, predicting the RUL of aircraft

engines under scenarios of working-condition shifts essentially addresses a UDA
problem due to data distribution shifts: P(Xg) # P(X;). We assume the source

domain Dg = {(xgls), y(s ))} _, and the target domain Dy = {x(T)} . Ng and N; rep-

resent the counts of alrcraft engine units in the source and target domains, respec-
tively, with n serving as the index for these units. x (S ) and x(T) represent the high-
dimensional condition monitoring data from sensor s1gnals of aircraft engine unit n,
belonging to feature spaces X and X of the source (Dy) and target (D) domains,
respectively. yfls) is the associated RUL labels for xfls ). Within the source domain D,

xfls) = € RLOM where T® indicates the trajectory length of aircraft

engine unit n in Dy, and M represents the count of sensor measurements in the con-
dition monitoring system. The RUL labels for x® are denoted by

n

(S) = {yflsl)}l 3 eR". y(si is the the RUL label for xilsi). In the target domain Dy,
= {x(Tl)} e RT>M  where T'D is the length of trajectories of aircraft engine

unit n. Note that RUL labels y;T) for aircraft engine n of D, are unavailable.

For simplification, we omit the index of aircraft engine units () in the follow-
ing paragraph since we do not emphasize the individual differences in aircraft
engines. Then, we use x(s) and x(T) to denote the condition monitoring sensor sig-
nals in the source and target domarns respectively. y(S) and y(T) are the corre-
sponding RULs for x ) and x(T)

The ultimate goal of this study is the RUL prediction for the target domain
data. Motivated by shared-private theory [45] and disentanglement representation
learning [30], we construct a cross-domain RUL prediction model based on the
working-condition-invariant feature and the domain-related feature (f;; and f,;).
We use working-condition-invariant generator S and working-condition-related
feature generator P to generate the f;; and f,;, respectively. Then, our cross-

domain RUL prediction model based on the working-condition-invariant feature
and the domain-related feature can be denoted as fol-
lows: y(T) Wi fp’,-) = y(S(xET)), P(xET))). More details of our method are given

in Sect. 4. The main symbols used in this paper are summarized in Table 1.

@ Springer



573 Page 8 of 29 Z.Zhangetal.

Table 1 Main symbols and their description

Symbols Description

n The index of aircraft engine units

i The index of time (cycles)

M The total number of sensors

Dg/Dy The source/target domain

x,® /x, D The sensory time series the n-th aircraft engines in the source/target domain
¥y The RUL labels for aircraft engine unit 7 in the source/target domain

Ng/Ny The total number of the aircraft engine units in the source/target domain

X/ Xy The feature space of source/target data (condition monitoring sensor signals)
xLS’: /xi:i) The sensory time series of aircraft engine unit » at time i in the source/target domain
T'SS) / T'ST) The length of trajectories of the n-th aircraft engine in the source/target domain
P(Xy)/P(Xy) The marginal distribution of source/target data

x; The sensory time series

x,@ /xlfT) The sensory time series in the source/target domain

SIP The working-condition-invariant/working-condition-related feature generator
Siltyi The working-condition-invariant/working-condition-related feature

0,/0, The parameters in S/P

Ly The orthogonality loss

b, Jép The optimal parameter value of 6,/6),

D The domain discriminator

d; /81. The ground-truth/discriminated domain label

;1[(1’) The probability that the instance i is predicted to be of the source domain by D
0, /0 M The parameters in D/the optimal parameter value of 6,

L gy The adversarial loss

/3, The ground-truth/predicted RULSs

Yy The RULSs predictor

0,/ év The parameters in )/the optimal parameter value of 6,

L‘rul . The RULS regression loss

C The domain classifier

¢ The classified domain label by C

@X@ The probability that the instance i is predicted to be of the source domain by C
0./ éc The parameters in C/the optimal parameter value of 6,

L. The domain classification loss

Lo The overall loss of UDATrans

Ut/ e/ Hag / Ui

Ymax

The trade-off parameters for £,/ L./ Laav/ Laise
The maximum RUL

4 Proposed method

Inspired by the shared-private latent feature spaces and disentangled representation
learning [30, 45], we introduce a UDA methodology, termed UDATrans, leveraging
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both the working-condition-invariant feature and the working-condition-related fea-
ture. This section details the UDATrans framework (refer to Fig. 2), which is struc-
tured around five principal components: two feature generators, a domain discrimi-
nator, an RUL predictor, and a domain classifier. Each component serves a distinct
function, collaboratively enhancing the model’s learning efficacy.

e The working-condition-invariant feature generator and the working-condition-
related feature generator: Performing the generation of the working-condition-
invariant (domain-invariant) feature and the working-condition-related (domain-
related) feature, respectively.

e Domain discriminator: Implementing adversarial training with the working-con-
dition-invariant feature generator and making the generated feature robust across
different working conditions.

e RUL predictor: Performing the RUL prediction via the synergy of the working-
condition-invariant feature and the working-condition-related feature.

e Domain classifier: Discerning the origin of working-condition-related features,
either from the source or the target domain, thereby ensuring that the features
accurately reflect distinct working conditions.

4.1 The working-condition-invariant feature generator
and the working-condition-related feature generator

The sensory time series of aircraft engines hide working-conditions-related
(domain-related) features and working-conditions-invariant (domain-invariant)
features. Most previous studies only use the working-condition-invariant feature
for the RUL prediction of aircraft engines under cross-domain scenarios. In our
study, not only the working-condition-invariant feature but also the working-
condition-related feature are used for the RUL representation under scenarios
of working-condition shift. We introduce two separate feature generators, i.e.,
working-condition-invariant feature generator S and working-condition-related
feature generator P, in the framework of UDATrans. Generators S and P per-
form their respective tasks without interfering with each other. S is used to
extract the working-condition-invariant feature f; (i.e., the domain-related

Domain D
discriminator

i Domain-invariant
| features  f;

{Labeled source!

i time series
S S |
)

Domain-invariant’
feature generator
S

Orthogonality
constraints ||, ’Zf/-:”é

| V! L g : RUL - Ruaets | L0
(o target i Domain-related predictor ¥ Y] i
i time series | feature generator Ef 4 : bl I

xj-" 7 | features f,,y,-

Domain
classifier

C

Fig.2 The framework of the UDATrans
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features). On the countray, P is used to capture the working-condition-related
feature f, (i.e., the domain-related features). Formally, for any sensory data
x; € {Xs, Xy}, we can get the working-condition-invariant feature f;; and the
domain-related feature f,; through their feature representation S(x;) and P(x;),
respectively. Equations 1 and 2 describe the S and P, where 6; and 0, are the
parameters of S and P, respectively:

Jsi =S(x;30)),x; € XgU A, ¢))

foi =Px:0,),x; € Xg U Xp. @

In most previous UDA approaches for working-condition shift problems of aircraft
engines, the extracted working-condition-invariant feature is prone to be contami-
nated by the working-condition-related feature or the noise brought by the source
and target domains, thereby suffering from feature contamination and feature redun-
dancy. To solve this problem, we employ orthogonality constraints [45] to alleviate
the interference of the feature space of the working-condition-invariant feature gen-
erator S and working-condition-related feature generator P. Accordingly, our frame-
work introduces the orthogonality loss £ ;4

| Ng+Ny
Lo =1 T, ¢ 2
i = oy & WSl
Ng+Np (3)
D, ISe)" - Py, x; € X5 Xy,

T Ng N, &

where || - ||§ is the squared Frobenius norm [46]. L penalizes redundant latent rep-
resentations and encourages S and P to encode different aspects of the inputs x; to
optimize the parameters (6, and 8,) of S and P. With the introduction of orthogonal-
ity constraints, the working-condition-invariant and working-condition-related fea-
ture spaces are inherently disjoint. In this way, the extracted features f; and f, can
be close to uncontaminated with the potential to perform the subsequent tasks. The
parameters 6, and 6, in this stage are optimized to achieve:

(6,.9,) = arg 5“191,1 L i (S(x,-;ex), P(xi;ep)),x,. € X;U Xy, )
where és and ép are optimal parameter values of 6, and 6,,, respectively.

For the type of neural network for the working-condition-invariant and work-
ing-condition-related feature generators (S and P), Transformer-based networks
have been considered. We select the Informer [44], a successful variant of the
Transformer [38]. The Informer can handle the high-dimensional and temporal
dependence characteristics among the multi-sensor time series. Figure 3 shows
the structure of the Informer-based feature generator.
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Positional
Source encoding
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Feature generator j
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/ Self-attention distilling\

/ Multi-head self-attention >
————\Stack layer!

/ Self-attention distilling \

7 - / Multi-head self-attention \ E :

i
'
|
/

Target .
time series | positional Features
encoding

Fig. 3 The structure of the Informer-based feature generator

4.2 Domain discriminator

In recent years, adversarial learning has been widely used in prognostics since the
DANN model was proposed [28, 32, 40]. The main idea in adversarial learning is
similar to GANS, as the feature generator attempts to extract the features that could
confuse the discriminator. In UDATrans, the working-condition-invariant feature
generator S is working adversarial to a learnable domain discriminator D, prevent-
ing it from accurately classifying the types of domains (source domain or target
domain). The adversarial training encourages working-condition-invariant feature
space to be pure and ensures the working-condition-invariant representation not be
contaminated by the working-condition-related information and noise. This adver-
sarial interaction enhances the ability of the model to generalize the working-condi-
tion-invariant features across different operational environments, making them more
robust and useful for accurate RUL prediction.

The domain label of x; is defined as follows:

_J0, x; €4,
a={1 2<% ®

We use 6, to denote the parameters of D. Then, the domain discriminator D could
be described as follows:

AP = D, ;:0,) = D(S(xi;es)ﬂd), X; € XgU Xy, )
where Zifp) is the probability that the instance i is predicted to be of the source
domain by D. Then, the predicted domain label d, is calculated as follows:

4 J0 d” =05,
1, otherwise.

i @)
We adopt the adversarial loss £, to prevent the working-condition-related feature
from creeping into the working-condition-invariant feature space. The adversarial
loss is used to train a model to produce the working-condition-invariant feature such
that a classifier cannot reliably discriminate the true domain label based on these
features. We define the ground-truth labels of source and target domains as 1 and 0,
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respectively. The domain discriminator D is trained to correctly identify whether the
generated features are from the source or target domains. Hence, the adversarial loss
for D can be calculated as follows:

L = msin mgx IExiNXS [log D(S(x;)] + [ExiNXT[log(l — D(Sx;))]. 8)

adv
Use 9d to denote the optimal value of 8,. Then, the parameters in this stage are opti-
mized to achieve:

(éy, 9d) = arg { r;l%x Loy (D(S(xi;ﬂs);6d>,di>, x; € X,
d

57

©)
Igllgl; Loay <D<S(xi;es);9d>»di>’ X; € A7 }

The gradient reversal layer (GRL) [45] is adopted into the adversarial training archi-
tecture, and the parameters can be simultaneously updated in one step during train-
ing with back-propagation training and min—max optimization. During the back-
propagation process, the GRL is inserted between the domain discriminator D and
the working-condition-invariant feature extractors S to make the reverse training tar-
gets of D and S, i.e., S is optimized to extract working-condition-invariant feature
(the working-condition-invariant feature of source and target domain: f;) from the
sensory data of two domains, but D is optimized to discriminate as much as possible
their domain of membership. GRL can be implemented by multiplying the gradient
by —1 without introducing other hyper-parameters, as shown in Fig. 4. When the dis-
criminator can no longer discriminate the exact domain of a sample, the working-

condition-invariant feature space aligning the two distributions is considered to be
p)

successfully constructed. This means that we use —a,, ﬁ;"v for updating 6, in S and

0

oL, . .
Loy aé‘zv for updating 6, in D.

Labeled source  [positional £ -
time series encoding
S (115) - ~ { omain D
xP0r) Domain-invariant feature generator § | | discriminator
i, H H el

Self-attention distilling i
Multi-head self-attention \ Sk 1ayer i

Self-attention distilling E :
% o H
Unlabeled ;

target Ao N - : X |
time series Posm‘;)_nal Domain-invariant e S
ncoding .
encoding feature representation

xP

Domain
labels |

d;

Multi-head self-attention

uonUANE PEAY-1)[N]
1aKe] pajoauuod A[n,

L —>  Forwardprop
----> Backprop ( and produced derivatives)

Fig.4 The adversarial learning in our proposed UDATrans
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4.3 RUL predictor

We introduce a predictor after the working-condition-invariant and working-condi-
tion-related feature generators to predict the RUL:

5, = y(S(xi;Qs), P(xi;ﬂp);f)y>,x,- € X, (10)

The parameters of the predictor ) are trained to minimize the RUL prediction errors
of the predicted and true RULs. As often done, we adopt the mean square error
(MSE) to construct the loss £, related to RUL prediction errors:

Ny Ny 2
L= %S Z:,(y,» -9 = ; <y,- - y(S(x,-), P(x,))) X € X (11)

1
Ng
Hence, the parameters in this stage are optimized to achieve:

(éy, 0., @p) = arg (,;H};i% . <y(5(x,.;93), P(xi;ep);ey)’yi>’ x,€Xs,  (12)

yVsVp

where éy is the optimal parameter value of 6.

4.4 Domain classifier

The primary task of the domain classifier C is to utilize the working-condition-
related features extracted by the working-condition-related feature generator P to
distinguish whether these features originate from the source or the target domain.
This task is critical for guiding the learning of working-condition-related fea-
tures and ensuring that these features effectively capture domain-specific varia-
tions. The domain classifier complements the orthogonality constraints and the
domain discriminator by focusing specifically on working-condition-related fea-
tures, thereby creating a balanced feature representation space. This ensures that
the features accurately reflect the unique aspects of varying working conditions,
thereby enhancing the model’s ability to generalize across distinct working con-
ditions. Additionally, by working in tandem with the orthogonality constraints
and the domain discriminator, the domain classifier supports the effective separa-
tion and utilization of working-condition-invariant and working-condition-related
features. This separation is crucial for improving model adaptability and perfor-
mance under complex cross-working-condition scenarios.

It should be noted that the accuracy of the domain classifier is not the primary
focus of its design. Instead, its role lies in guiding the working-condition-related
feature generator P to extract meaningful domain-specific features. Even if the
classification accuracy is suboptimal, the extracted features can still contribute
significantly to the overall model performance by accurately capturing working-
condition-related variations.

Hereby, the functionality of the domain classifier C is formulated as follows:
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& = C(P(xi;ﬂp);f)c>,xi € XU, (13)
where 65”) is the probability that the instance i is predicted to be of the source domain
by C, and 6, depicts the parameters of the classifier C. Then, the predicted domain
label ¢; is calculated as follows:

. { 0, ¢”>0.5,
¢ = i

1, otherwise. 14)

We employ cross-entropy loss to refine the feature extraction process of the domain
classifier C. Unlike adversarial loss used in the domain discriminator, which aims to
make working-condition-invariant features indistinguishable across domains, cross-
entropy loss in the domain classifier ensures that the working-condition-related
features remain distinct and representative of their respective domains. This design
choice allows the domain classifier to directly enhance the feature generator P, lead-
ing to more robust and domain-specific feature representations. We use £, to denote
the domain classification loss of C:

1 Ng+Np
L, = ~|d;10g (C(Pap) ) + (1 —dytog (1-c(Pwp) )|
“= NN, & [g( (x,>> (1-d) og( )
15)

Hence, the parameters in this stage are optimized to achieve:

@,,6,) = argmin £,, (C(P(x,—;ep);ﬂc), di>, X € XU Xy, (16)
where @, is the optimal parameter value of @,.
4.5 General network optimization
Combining the orthogonality loss £, (Eq. 3), the adversarial loss £, (Eq. 8), the

loss of RUL prediction errors £,,; (Eq. 11) and the domain classification loss £,
(Eq. 15) can get the total loss of UDATrans £ ;:

Eall = adiﬁ"ﬁdiff + aadvﬁudv + arulﬁrul + ace‘ace’ (17)

where a5, @44, @, and a,, are the trade-off parameters with values greater than
Zero.
Therefore, the loss of the UDATrans can be represented as follows:

'Call(ex’ 0]7’ ed’ ey’ ec) = adiff’cdiff(ex’ ep) + aadv[’adv(ex’ ed)

+ &, L0, 0,,0)) + a, L. (6,,6,). (18)

In summary, Eqgs. 4, 9, 12 and 15 can be integrated in this stage, and by using the
GRL, the network parameters can be updated in one training step as follows:
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OL g 0Ly, 0Ly
0, < 0, — Nf xdam s (Xaise 091 = Qaqy a; + oy 60m ),

a‘cdlff aL:rul aﬁce
ep ’ZfAddmp(adlff 00 +arul aep +ace 69[) )’

aﬁadv
adv 69 )’
d
0Ly
9y rlfAdamy(arul agru)
oL

cea_ec)

0y < 0, — Nfagam (@, (19)

ec - rlfAdam,c(a

where 7 is the learning rate. fxgum > Sadamps Sadamas fadam,y @304 fagam, denote the
computation functions in the Adam optimization package [47] for the parameters 6,

0,, 04, 0, and 6, respectively. ag, @,qy, &y and a,, denote the penalty coefficients
for the losses Ly, Logy> Loy and L, respectively.

ce’

5 Experiments
5.1 Datasets description

The simulated turbofan engine data C-MAPSS [48] is widely used as a benchmark
in the PHM study of the aircraft engine. A commercial aircraft gas turbine engine
is the object of the C-MAPSS dataset, and Fig. 5 shows a schematic of this kind of
aircraft engine and the sensors in the turbofan. Table 2 describes the C-MAPSS data
in detail. In our study, the fault mode and the operating condition jointly describe
the working condition of the aircraft engine; thus, the working condition of four
sub-datasets in C-MAPSS varies from each other. Here, we use FD0O01—-FDO003
to depict that the source working condition is FDOO1 and the target working con-
dition is FD0O3, i.e., the working-condition shift scenario of that from FDOO1 to
FDOO03. In this scenario, the condition monitoring data in FDOO1 are considered the
source domain, whereas the condition monitoring data in FD0OO3 are considered the

Fig.5 The sensors in the turbo- Fan Combustor N1  LPT

fan of C-MAPSS [48]
®06
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Table 2 Description of
Dataset FD0O01 FD002 FDO003 FDO004
C-MAPSS [48] e
Training trajectories 100 260 100 249
Test trajectories 100 259 100 248

Maximum lifespan (cycles) 362 378 525 543
Average lifespan (cycles) 206 206 247 245

Minimum lifespan (cycles) 128 128 145 128
Operating conditions 1 6 1 6
Fault modes 1 1 2 2

target domain. In this way, we construct 12 working-condition shift scenarios by the
C-MAPSS dataset. The piece-wise linear degradation is used to label the RUL val-
ues, and the maximum RUL y,, .. is set to be 125 cycles [49, 50].

Figure 6 illustrates the data distribution of ten different sensor measurements in
the sub-datasets of C-MAPSS. The sensor signal values shown in this figure are
standardized using z-score normalization to transform the multi-sensor signals into
a dimensionless standardized distribution. This process ensures that differences in
the magnitudes and units of the sensor signals do not affect the model’s ability to
learn features across different sensors. The distribution divergence of different sub-
datasets caused by different working conditions is the reason for the deterioration
performance of the deep learning models for the cross-working-condition RUL pre-
dictions. Considering the focus on the distribution characteristics rather than the
physical units of the signals, Fig. 6 presents the standardized signal distributions
to reflect the relative changes and characteristics of each sensor, which are critical
for improving the model’s generalization ability under varying working conditions.
The model trained in one dataset often does not perform well in a different dataset;
thereby, we must tackle the data shift problem in the RUL predictions of aircraft
engines under the working-condition shift scenarios.

From Fig. 6, we can observe that, (1) the data distribution of most of the sen-
sor measurements is affected by the operating condition, even though some sensor

(a) T2 (b) T24 (c) T30 (d) T50 (e) P2
6
B B FD001 26 FD001 Zg FD001 26 FD001
§4 240 FD002 | & FD002 | & FD002 | & FD002
o o o o o
> > FD003 5‘4 FD003 >4 FD003 §‘4 FD003
z =5 FDOO4 | FDOO4 | FDOO4 | E FDO04
=32 @ 5 il @ @ 7N,
a ; a 82 Ll I Q2 Q2 \
s ] s s \ A il © Y
[ Y SRS [ [n A N R Lo \ o \ D
0 Y \ UL 0 0 XU vl Y o) oL 0 P Pl 7 Ry
0.0 0.5 1.0 0 1 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Sensor signals Sensor signals Sensor signals Sensor signals Sensor signals
(H P15 (9) P30 (h) Nf (i) Ne (i) epr
15
E A FDOO1 | = FDOO1 | 2 FDO001 Zg Zg FDOO1
261 FD002 | £7.5 FD002 | £ FDO02 | & 2 FD002
3 3 $10 3 3
24 | FD003 250 FD003 > FD003 24 24 FD003
3 A FD004 3 FD004 3 FD004 3 3 FD004
8ol HllF 8 i g5 i P 25 i TN
82| U 8251 . il I N I © N
a | Ul # T a AT I A o F it & £ AN A
oLl EAQMY o.0l2 b [Ty P AN LAY, NS o X/ . o X XA
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Sensor signals Sensor signals Sensor signals Sensor signals Sensor signals

Fig.6 The condition monitoring data distribution of four sub-datasets in C-MAPSS

@ Springer



Leveraging working-condition-related features for enhanced... Page 170f29 573

measurements, such as sensor T30 and sensor NRc, are hardly affected. (2) The condi-
tion monitoring data in FDOO1 and FDOO3 are subject to similar distributions in most
cases. Likewise, condition monitoring data in FD002 and FD004 show a similar diver-
gence among the distributions for most sensor measurements. On the other hand, the
data distribution of FDO01/FD003 and FD002/FD004 is totally inconsistent due to the
operating condition shift. (3) Influenced by the time-varying operating conditions, one
can observe multiple bell curves for the distribution of condition monitoring data of
FDO002 and FD004. (4) Compared with the bell curves in sensor T2 (Fig. 6a) and sen-
sor T30 (Fig. 6¢), the data distribution in sensor T24 (Fig. 6¢) is interesting since there
are no bell curves. This indicates that sensor T24 does not have the potential capabil-
ity to describe the degradation of the aircraft engine. On this basis, this kind of sen-
sor measurement is excluded from the training process of the RUL prediction model.
Concretely, 14 sensor measurements, i.e., T24, T30, T50, P30, Nf, Nc, Ps30, Phi, NRf,
NRc, BPR, htBleed, W31, and W32 are considered in the following experiment.

5.2 Experimental setup

We conducted experiments on a computer with NVIDIA TITAN XP GPUs via Python
3.8 with Pytorch 1.9.0. Each experiment was repeated ten times, with average results
reported.

Performance metrics: Consistent with prior studies, this research employs the root-
mean-square error (RMSE) (Eq. 21) and the scoring function (Eq. 20) [48] for evaluat-
ing cross-domain RUL prediction performance. We use e; to denote the prediction error
between the predicted RUL value §; and the corresponding ground truth ;.

Ny
Z(CXP(—%) - 1), ¢ £0,

Score = ’;TI 20)
Z(CXP(I%) —1), otherwise
i=1

2n

Parameter setting details: For the feature generators S and P, the Informer [44],
a successful variant of Transformer [38], was chosen. The Informer is capable of
handling the high-dimensional and temporal dependence characteristics among the
condition monitoring time series. There are a three-layer stack and a one-layer stack
(1/4 input) in the two feature generators (encoders) S and P. The predictor Y com-
prises a two-layer stack decoder and three fully connected layers (FCLs) with 128,
64, and 1 neurons in the hidden layers, respectively. Likewise, both the domain dis-
criminator D and domain classifier C are constructed by three FCLs with the same
configuration of the predictor ). The time window size is 36, and the stride step is
1. The learning rate # starts from 0.0005, decaying two times every epoch. The batch
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size is 64. The input data are standard normalized. The dropout rate is set to 0.05.
The parameter settings of a,,, @,, @4, and a4 are shown in Table 3.

5.3 Performance results

Figure 7 shows the predicted RUL results of the target dataset of each cross-domain
task. Besides, instances are rearranged in descending order by RUL values to
observe the estimation results better. We can observe that: (1) In general, the pre-
dicted RULSs closely follow the ground truth, indicating the excellent performance
of the UDATrans in scenarios of the working-condition shift. (2) The proposed
UDATrans demonstrates particularly excellent performance when the RUL of air-
craft engines is short, attributed to distinct degradation features that depict impend-
ing failure. (3) Most cross-domain scenarios yield early predictions during the air-
craft engine’s health stage (when y; = 125), in contrast with the irregular early and
late predictions after the health stage. This is because the degradation characteris-
tics are not remarkable in the aircraft engines’ health stage. Introducing the state of
health assessment task or first prediction time determination into the UDA model
may alleviate this situation. (4) As the divergence between the working conditions
of the source and target domains increases, the prediction performance deteriorates.
For instance, the performance of UDATrans of FDO0O1-FD004 (1 OC & 1 FM—6
OCs & 2 FMs) is inferior to FDO01-FD002 (1 OC & 1 FM —6 OCs & 1 FM). Like-
wise, the performance of UDATrans of FD004—FDO001 (6 OCs & 2 FMs — 1 OC &
1 FM) is inferior to FD0O02—FD001 (6 OCs & 1 FM—1 OC & 1 FM). (5) Across the
12 working-condition shift scenarios, fault-mode shifts pose a greater challenge than
operating condition shifts. For example, the performance of UDATrans of the fault-
mode shift scenario FDO03—FD001 (1 OC & 2 FMs — 1 OC & 1FM) is inferior to
the operating condition shift scenario FD0O02—FD001 (6 OCs & 1 FM - 1 OC & 1
FM). Likewise, the performance of UDATrans of FD002—FD004 (6 OCs & 1 FM—
6 OCs & 2 FMs) is inferior to FD0O03—FD004 (1 OC & 2 FMs — 6 OCs & 2 FMs).

Table 3 Parameter settings of

Aryls Fpr Aoy AN iy Case u e faay Gt
FD001-FD002 0.001 2 6 0.1
FD001-FD003 0.001 0.5 0.3 0.2
FD001-FD004 0.001 1 3 0.05
FD002—FD001 0.001 0.5 1 0.2
FD002—FD003 0.001 0.02 1 0.02
FD002—FD004 0.001 2 3 1
FD003—FD001 0.001 2 6 0.5
FDO003—FD002 0.001 2 6 0.1
FD003—FD004 0.001 0.5 6 1
FD004—FD001 0.001 2 4 1
FD004—FD002 0.001 2 3 1
FD004—FD003 0.001 2 3 1
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Fig.7 The ground truth (dashed-blue) and predicted RULS (solid-violet)

5.4 Comparison performance

In this section, the UDATrans is compared with five state-of-the-art UDA meth-
ods to show the excellent cross-domain prognostic performance, which are DAN
(domain adaptive residual network) [15], JAN (joint distribution adaptation net-
work with adversarial learning) [16], DDC (bidirectional-GRU transfer learning
network) [51], DANN (deep adversarial neural networks for data alignments) [52],
CADA (contrastive adversarial domain adaptation) [28], DIDRLSTM (deep residual
LSTM network) [24] and ADDA (cross-domain adversarial network) [53], respec-
tively. Each experiment runs 10 times and takes the average result as the final result.
Tables 4 and 5 summarize the results of our approach UDATrans alongside results
from seven state-of-the-art methods that appeared over the last 3 years. The best
results are highlighted in boldface, and the second-best results are underlined. The
different performances of UDATrans on RMSE and Score are due to the imbalance
penalties for delayed and advanced forecasting by the Score function (Eq. 20).

From Tables 4 and 5, we can conclude that: (1) The UDATrans achieves the best
performance (21.72) on RMSE by decreasing 9.3% on average, compared with the
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second-best approach CADA (23.95) [28]. (2) The UDATrans gains great perfor-
mance on RMSE in the working-condition shift scenarios where the source datasets
are FDOO1 (the simplest working condition: 1 OC & 1 FM) and FD004 (the most
complex working condition: 6 OCs & 2 FMs), respectively. In other scenarios, the
performance of UDATrans is also competitive. This demonstrates the good generali-
zation ability of UDATrans. (3) The fault-mode shift problem is more challenging
than the operating condition shift problem in the majority of working-condition shift
scenarios. For example, the performance of FD0O03—FD001 (1 OC & 2 FMs — 1
OC & 1 FM) is inferior to that of FD002—FDO001 (6 OCs & 1 FM — 1 OC & 1 FM),
18.07 vs 16.06 on RMSE and 624 vs 412 on Score. FM and OC are the fault mode
and operating condition for short, respectively. Likewise, FD002—FD004 (6 OCs &
1 FM - 6 OCs & 2 FMs) vs FD0O03—FD004 (1 OC & 2 FMs — 6 OCs & 2 FMs)
is 30.66 vs 24.86 on RMSE and 7663 vs 5230 on Score; FD003—-FD002 (1 OC &
2 FMs - 6 OCs & 1 FM) vs FDOO1-FD002 (1 OC & 1 FM — 6 OCs & 1 FM) is
22.31 vs 19.33 on RMSE and 5503 vs 1913 on Score.

To provide a comprehensive analysis, it is necessary to discuss the limitations
of the compared methods alongside those of UDATrans. Traditional UDA methods
such as DANN and ADDA focus primarily on domain-invariant feature learning,
which limits their effectiveness in scenarios involving complex fault-mode shifts,
such as FD0O03—FDO001 and FD0O03—FD004. Similarly, methods like CADA per-
form relatively well under operating condition shifts but struggle when both operat-
ing conditions and fault modes vary significantly, as observed in FD002—FDO004.
This is likely due to their lack of explicit modeling for working-condition-related
features, which are crucial for capturing domain-specific variations. Additionally,
models such as DIDRLSTM and DDC lack mechanisms to disentangle working-
condition-invariant and working-condition-related features, leading to feature inter-
ference and degraded performance in multi-faceted shift scenarios.

5.5 Parameter sensitivity analysis

We perform the parameter sensitivity analysis on key hyper-parameters a,;, &, ®,q,
and ag; in the total loss £, (Eq. 18) of the UDATrans. These hyper-parameters
determine the trade-offs among orthogonality loss, adversarial loss, RUL prediction
loss and domain classification loss, in the optimization procedure of UDATrans. To
tune these parameters, our current approach primarily relies on an empirical method
augmented by trial and error. This process involves iteratively adjusting param-
eters based on model performance feedback from validation datasets. Although
this method enabled us to navigate through parameter settings effectively within
a constrained experimental scope, it is inherently limited by not being systematic,
potentially missing more optimal settings across the comprehensive hyper-parameter
space.

We take the scenarios FDO03—FD004 to explore the sensitivity of these four
hyper-parameters of UDATrans. Since the four losses controlled by these hyper-
parameters are of different magnitudes, there is no comparability between the values
of the four hyper-parameters. During this analysis, each parameter was varied one at
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a time while the other three parameters were held constant at their optimal values to
isolate the effect of each parameter on the model’s performance.

The results of the sensitive study for the key hyper-parameters ay;g, @,q,> @, and
a,, are illustrated in Fig. 8. We can observe that: (1) The four key hyper-parameters
greatly impact the prediction performance, and the best RUL prediction performance
is yielded when a,,;, = 0.001, @, = 0.5, a4, = 6 and a4z = 1. (2) Blindly increasing
the regression loss weight of the RUL prediction task (a,,) does not produce the
desired prediction results. Conversely, when the a, is relatively large, the training
process will be significantly dominated by the RUL prediction task of the source
domain, resulting in impaired RUL prediction performance on the target domain.

5.6 Ablation study

We conducted an ablation experiment to study the contribution of each block or
strategy in UDATrans, including the orthogonality constraints L, the working-
condition-related feature generator P, the domain discriminator D and the domain
classifier C. Figure 9 summarizes the performance of each case.

e Case 1: UDATrans without orthogonality constraints L -

e Case 2: UDATrans without the domain discriminator D and corresponding with-
out the adversarial loss £,g,.

e Case 3: UDATrans without the domain classifier C.

e Case 4: UDATrans without the working-condition-related feature generator P
and corresponding without the domain classifier C and orthogonality constraints
L4 This case can be considered as a standard adversarial-learning-based UDA
model with only the working-condition-invariant feature, i.e., the DANN.

(a) Aryy “ (b) Ace
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Fig.8 The results of the sensitive study for the key hyper-parameters a;, ., @,q, and oy
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Fig. 9 The performance of the ablation study

e Case 5: Case 4 without domain discriminator D and the adversarial loss L,4,. In
essence, Case 5 can be considered as a Transformer-based RUL prediction model
under working-condition shift scenarios with no domain adaption strategy and
ignoring the data shift problem between the training dataset and the target data-
set.

From Fig. 9, we can observe that (1) each block or strategy contributes to the
improvement of RUL prediction performance under scenarios of working-condi-
tion shift. These findings underscore the importance of integrating various feature
processing strategies to enhance predictive accuracy in complex environments.
(2) Among all the five cases, Case 4 has yielded the highest RMSE in most
working-condition shift scenarios, demonstrating the efficiency of the working-
condition-invariant feature and the working-condition-related feature-based UDA
methods. The working-condition-related feature generator can capture the fea-
ture-related different working conditions, whereas the domain classifier (C) can
encourage this learning process. The potential contribution of the working-con-
dition-related feature in the cross-domain RUL prediction task is verified through
the comparisons of Case 4 with other cases and UDATrans. (3) It should be noted
that the performance of Case 3 is inconsistent among all the working-condition
shift scenarios, with competitive performance in FD003—FDO001 and FD003—
FDO004 and the most inferior performance in FDO03—FDO002. This inconsistency
highlights the critical role of the domain classifier C in managing mixed working-
condition shifts, which involve both fault-mode shifts and operating condition
variations. (4) While the performance of Case 5 is acceptable in some scenarios
despite not utilizing specific strategies, it is important to note that this does not
suggest that a RUL prediction model trained on the source domain can be directly
applied to the target domain without adjustments, as the performance stability of
this case varies. (5) Although the contributions of the orthogonality constraints
(L4) and the domain discriminator (D) are relatively smaller, they remain cru-
cial for enhancing the overall balance of the model and preventing overfitting,
thereby improving the RUL prediction performance.
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6 Conclusion

In this work, we study the RUL prediction of aircraft engines in scenarios of
working-condition shifts using a Transformer-based unsupervised domain adap-
tation model, UDATrans. Unlike the previous studies that rely solely on the
working-condition-invariant features, our approach utilizes both the working-
condition-invariant and working-condition-related features for cross-domain RUL
prediction. In UDATrans, we independently extract the working-condition-invari-
ant and working-condition-related features, further investigating their interaction
mechanisms for cross-domain RUL prediction. The working-condition-invariant
feature effectively captures the general relationship between degradation features
and RUL, while the working-condition-related feature assesses the impact of var-
ying working conditions on engine degradation. We also introduce orthogonality
constraints to reduce feature space interference between the two feature genera-
tors. This, along with the domain discriminator and classifier, improves the dis-
entanglement of the working-condition-invariant and working-condition-related
features, thus enabling the RUL predictor to better utilize these two features for
RUL predictions. Our experiments on the C-MAPSS dataset demonstrate supe-
rior generalization and robustness of the UDATrans, achieving a 24.32% RMSE
reduction over state-of-the-art methods and a 9.3% improvement over the next
best approach.

Future work will focus on exploring data distribution shifts, such as divergences
in conditional probability distributions across different entities, and discuss sys-
tematic approaches to hyper-parameter optimization to enhance the robustness and
adaptability of unsupervised domain adaptation models. Additionally, we will con-
sider extending the research to out-of-domain scenarios, evaluating the effectiveness
of domain adaptation techniques in environments not covered by the initial training
data.
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