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Abstract

In the multivariate time-series fault diagnosis task for aviation electro-hydrostatic actua-
tors (EHA), the overall signal morphologies of different fault categories are relatively sim-
ilar, while the key discriminative differences are hidden in local segments and variations
in variable coupling. Therefore, existing Transformer-based methods usually have diffi-
culty characterizing local specificity. To address this issue, this paper proposes a Local
Prototype-Global Generic Dual-branch Transformer (LPG-Former). First, to obtain local
information capable of characterizing class differences, a class-specific discriminative pro-
totype (CDP) is constructed. The CDP selects discriminative time points from the time-
series samples of each class to capture key local morphological variations, and constructs
local prototypes carrying class-related local differential features. To further improve the
ability of the CDP to capture multivariate fault coupling relationships, a multivariate cou-
pling-aware prototype matching strategy (MCPM) is designed. The MCPM extends uni-
variate prototypes into multivariate local prototype blocks and jointly measures local dis-
similarity, variable correlation, and trend consistency, thereby enabling prototype learn-
ing with awareness of multivariate coupling relationships. Finally, to fuse local discrimi-
native information and global temporal information, a dual-branch Transformer is con-
structed. LPG-Former encodes the differential features between the CDP and the best-fit
subsequence (BFS) of the input sample through a Local Prototype Transformer, and com-
plements global generic information through a Global Generic Transformer, thereby
achieving collaborative dual-branch representation. Experimental results on an eight-
class EHA operating-state dataset show that LPG-Former achieves an accuracy of 98.74%
and an Fl-score of 98.78%, significantly outperforming classical methods such as Incep-
tionTime and TapNet.

Keywords: electro-hydrostatic actuator; fault diagnosis; multivariate time-series
classification; prototype learning

1. Introduction

With the in-depth development of more-electric aircraft technology, electro-hydro-
static actuator systems (EHAs) have been widely used to drive key flight-control surfaces
such as ailerons, elevators, and rudders [1,2]. With prominent advantages including high
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power density, convenient installation and maintenance, and no requirement for a cen-
tralized hydraulic source, this system has established an irreplaceable core position in
high-reliability engineering fields such as modern aerospace [3]. However, the highly in-
tegrated structural characteristics of EHA systems also lead to complex electromechani-
cal-hydraulic multidomain strong coupling inside the system [4]. During actual service,
EHA systems are exposed for long periods to severe environments such as high mechan-
ical loads, intense vibration, and rapid switching of operating conditions. The long-term
combined effects of coupled internal physical domains and harsh external alternating con-
ditions can easily induce progressive performance degradation and sudden faults in key
internal components [5]. As the terminal actuator in the flight-control chain, functional
failure of an EHA system may cause loss of flight attitude control, resulting in severe cas-
ualties and major property losses [6]. Therefore, in-depth research on fault diagnosis and
health-monitoring methods for electro-hydrostatic actuator systems is crucial for ensuring
the reliable operation of aerospace vehicles [7].

Current mainstream research on EHA fault diagnosis mainly follows two technical
routes: model-driven and data-driven approaches [8,9]. Traditional model-driven meth-
ods focus on constructing refined analytical mathematical models or state observers based
on internal physical mechanisms to map and solve fault features. Xu et al. [10] proposed
a model-driven fault-detection method for electro-hydraulic variable-displacement
pumps. By introducing an unknown-input Kalman filter to estimate swashplate moment
uncertainty and combining it with cumulative-sum residual evaluation, rapid detection
of typical faults was achieved. Saeedzadeh et al. [11] constructed a real-time model-driven
fault-detection and diagnosis strategy for electro-hydraulic actuators, achieving online
identification of typical faults such as leakage and friction through the coordination of an
updated interactive multiple-model structure and a smooth variable-structure filter. Ngu-
yen et al. [12] designed a high-accuracy motion-control method based on an extended
sliding-mode observer, improving control accuracy and system stability under complex
nonlinear operating conditions by robustly estimating unknown states and disturbances
in uncertain electro-hydraulic systems. However, such model-driven strategies rely heav-
ily on accurate prior physical parameters and complete dynamic assumptions, and it is
difficult to guarantee absolute physical modeling accuracy when facing complex strongly
nonlinear dynamic disturbances and time-varying loads in actual operation [13].

With the rapid rise of intelligent computing technologies, data-driven methods such
as neural networks and support vector machines have freed fault diagnosis from explicit
physical differential equations and have demonstrated significant advantages in adaptive
feature extraction and pattern recognition [14,15]. Yan et al. [16] designed a multisensor
fusion diagnostic method based on a hypergraph structure, which significantly improved
the stability of fault identification under complex operating conditions by characterizing
high-order correlations among multisource monitoring signals. Shen et al. [17] proposed
a multisource-domain fault-diagnosis method with an adaptive dual-domain obfuscation
weighting strategy, effectively mitigating the influence of data-distribution differences
across source domains on model generalization. Wang et al. [18] constructed an over-
sampling method based on Gaussian mixture models and boundary optimization, effec-
tively improving the shortage of bearing-fault samples and the classification-boundary
shift under class-imbalance conditions. Although the above data-driven approaches have
made significant progress, diagnostic frameworks using a single learner are limited by
fixed network structures and insufficient representation capacity when dealing with the
variable alternating operating conditions of EHA systems and strongly coupled multi-
source heterogeneous monitoring signals, making them prone to local optima and over-
fitting [19,20]. These inherent limitations lead to poor generalization, limited recognition
accuracy for early weak compound faults, and unstable classification boundaries, making
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existing intelligent decision models based on a single learner unable to fully satisfy the
stringent requirements for diagnostic credibility and reliability in safety-critical fields
such as aerospace [21,22].

To overcome the limitations of a single learner in handling complex diagnostic tasks,
ensemble learning provides an effective improvement path for enhancing the accuracy
and robustness of EHA fault diagnosis by collaboratively fusing multiple differentiated
base models [23]. Hu et al. [24] proposed a dynamic domain-adaptive ensemble diagnostic
framework, which significantly enhanced the fault-identification capability of mechanical
equipment under complex operating conditions by fusing multiple differentiated diag-
nostic models and dynamically adjusting the domain-adaptation process. Liu et al. [25]
proposed an evidential ensemble preference-guided real-time multimodal fault-diagnosis
method, effectively improving the online diagnostic capability of complex dynamic sys-
tems under multiple operating modes by fusing fault-information preferences under dif-
ferent operating modes. Tong et al. [26] constructed an ensemble-learning-based multi-
sensor information fusion diagnostic method, significantly improving the accuracy and
stability of rolling-bearing fault identification by collaboratively fusing complementary
fault information from different sensor signals. However, highly complex ensemble archi-
tectures still exhibit serious black-box characteristics in essence and cannot reveal a trans-
parent logical mapping between input features and fault states [27]. This lack of interpret-
ability makes it difficult for diagnostic systems to pass stringent aviation airworthiness
safety evaluations and prevents them from providing maintenance personnel with confi-
dence evidence that carries physical meaning [28].

To address the trust challenges caused by the black-box nature of ensemble models,
explainable artificial intelligence provides intuitive and transparent decision logic, bring-
ing important physical insights to intelligent health monitoring of aircraft actuators
[29,30]. By quantifying the contribution weights of multisource monitoring features to di-
agnostic conclusions, this technology can assist operation and maintenance personnel in
accurately identifying key physical representations that induce system-state deviations,
thereby providing more persuasive decision support for EHA system maintenance
[31,32].

This paper proposes an ensemble-learning EHA fault-diagnosis framework that con-
siders both high-accuracy recognition performance and decision transparency. By deeply
integrating interpretability strategies such as feature-importance attribution analysis and
local interpretable models, the proposed framework mitigates the black-box barrier
formed by the stacking of multiple base models at the algorithmic level, and verifies its
effectiveness on a dataset covering typical faults such as leakage, friction, gas lock, and
sensor drift. The main contributions of this paper are as follows:

(1). To address the problem that the overall inter-class morphology is similar and key
differences are localized in EHA multivariate fault time series, this paper proposes a
class-specific discriminative prototype construction method. By extracting discrimi-
native time points, generating candidate local segments, and performing infor-
mation-gain screening, this method constructs representative and discriminative lo-
cal prototypes from different fault classes, enabling the model to characterize fine-
grained class differences at the level of local fault patterns.

(2). To address the difficulty of univariate prototypes in representing the coupled fault-
propagation characteristics of multiple EHA components, this paper designs a mul-
tivariate coupling-aware prototype matching strategy. This strategy extends class-
specific local prototypes into multivariate prototype blocks and measures the match-
ing relationship between prototypes and input samples from three aspects: local mor-
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phological differences, variable-correlation differences, and trend-consistency differ-
ences, thereby enhancing the model’s ability to perceive coupling variations among
multisource monitoring variables.

(3). To address the tendency of traditional Transformers to emphasize global generic fea-
tures while ignoring class-specific local differences, this paper constructs a Local Pro-
totype-Global Generic Dual-branch Transformer diagnostic framework. The frame-
work uses a local prototype branch to encode CDP-BFS differential features and a
global generic branch to supplement the overall dynamic information of the original
time series, thereby achieving collaborative modeling of local discriminative infor-
mation and global temporal information. Experimental results on the eight-class
EHA operating-state dataset show that the proposed method outperforms multiple
typical time-series classification methods in classification accuracy, missed-detection
control, and feature separability.

The remainder of this paper is organized as follows. Section 2 introduces the operat-
ing principle of the electro-hydrostatic actuator system and provides a detailed analysis
of typical fault modes. Section 3 details the architecture and implementation procedure of
the proposed interpretable ensemble diagnostic method. Section 4 describes the setup of
the flight-control semi-physical experimental platform and the overview of the dataset.
Section 5 conducts an in-depth discussion of the diagnostic results and comparative inter-
pretability analysis. Section 6 presents the conclusions of the study and discusses future
research directions.

2. Related Theoretical and Engineering Basis
2.1. EHA System and Typical Fault Modes

An electro-hydrostatic actuator is a self-contained actuation system that integrates an
electric drive, hydraulic power transmission, actuator motion output, and feedback con-
trol. In a typical aircraft aileron EHA, the servo motor drives the hydraulic pump to gen-
erate flow and pressure, and the actuator cylinder converts hydraulic energy into linear
displacement to drive the control surface through the transmission mechanism. During
this process, the motor-drive response, hydraulic pressure and flow response, actuator
displacement response, and feedback signals are strongly coupled.

Typical EHA faults can be generally divided into hydraulic-transmission faults, me-
chanical-actuator faults, and feedback-related faults. Hydraulic leakage may reduce pres-
sure-holding capability and change the flow-compensation demand. Cylinder defor-
mation or aging may change friction, sealing, or motion constraints, thereby affecting dis-
placement tracking and pressure fluctuation. Feedback-related stuck, gain, or bias faults
may distort the measured state and further disturb the closed-loop control response.
Therefore, EHA fault diagnosis should consider not only individual signal changes but
also coupling variations among electrical, hydraulic, and mechanical responses.

2.2. Multivariate Time-Series Classification

Multivariate time-series classification (MTSC) [33] is an important task in time-series
analysis. Its objective is to determine the class to which a sample belongs according to the
dynamic variation patterns of multiple variables along the continuous time dimension.
Compared with ordinary classification tasks, MTSC has higher modeling complexity [34].
This is because multivariate time-series samples simultaneously contain temporal de-
pendencies and inter-variable coupling relationships. The dynamic trend of the same var-
iable and the synchronous or lagged relationships among different variables may both
affect the final classification result [35].
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In this study, the terms “local” and “global” are defined according to the temporal
scale of EHA multivariate time-series samples. “Local” refers to short subsequences or
time windows within one sample, such as the segments bounded by discriminative points
or the search windows used for CDP-BFS matching. These local segments mainly describe
transient fault signatures, short-term fluctuations, and local variations in multivariate cou-
pling. By contrast, “global” refers to the complete temporal evolution of one sample over
the whole maneuver duration, which reflects the overall dynamic trend and long-range
temporal dependency of the EHA system. Therefore, local features emphasize fine-
grained fault-sensitive segments, whereas global features describe the overall response
pattern of the complete EHA time-series sample.

In recent years, typical MTSC methods have mainly included deep-learning models
such as 1D-CNN-LSTM [36], InceptionTime [37], TapNet [38], and Transformer. Among
them, 1D-CNN-LSTM focuses on local feature extraction and temporal-dependency mod-
eling; InceptionTime enhances local-pattern representation through multiscale convolu-
tion; TapNet improves class discriminability using attentional prototype learning; and
Transformer relies on the self-attention mechanism to capture long-range dependencies
and global contextual information. However, existing Transformer-based methods usu-
ally pay more attention to generic temporal features and insufficiently characterize local
discriminative segments, making their recognition performance vulnerable in class-im-
balance scenarios or when inter-class differences are subtle. Meanwhile, existing methods
usually lack a dual-branch structure for collaborative modeling of local discriminative
features and global generic features, making it difficult to fully exploit their complemen-
tary advantages.

2.3. Transformer-Based Time-Series Classification Methods

In recent years, Transformer has been widely applied to time-series classification
tasks by virtue of its self-attention mechanism. Around sequential modeling, local mor-
phological expression, and multiscale feature extraction for time series, Transformer-
based studies have made improvements in multiple aspects. For example, ConvTran en-
hances the ability of Transformer to perceive temporal position information by introduc-
ing temporal absolute positional encoding and efficient relative positional encoding [39].
SVP-T starts from shape-level subsequences and uses variable-position self-attention to
model associations among different local morphologies [40]. Mgformer extracts feature
representations at different temporal granularities and inter-variable correlations through
multiple Transformer groups and channel-attention masks [41].

Although the above methods improve the feature-modeling capability of Trans-
former in MTSC tasks, they mainly rely on generic temporal features and are relatively
insufficient in characterizing class-specific local discriminative segments. Consequently,
classification performance is easily affected in scenarios with class imbalance or similar
overall inter-class patterns.

2.4. Time-Series Prototype Extraction Methods

Time-series prototypes aim to extract typical patterns capable of representing class
characteristics from original sequences or latent-space representations for metric match-
ing and pattern recognition. Unlike whole-sequence features, prototypes usually corre-
spond to class-representative samples, local discriminative subsequences, or learnable la-
tent-space centers, and can highlight key differences among different classes. In recent
years, prototype learning has been used for time-series classification and interpretable
modeling. By learning class-related prototypes, it enhances the ability of models to repre-
sent key temporal patterns [42]. In MTSC tasks, time-series prototypes can be regarded as
typical local prototypes. By extracting subsequences that are highly related to a certain
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class and clearly different from other classes, they provide a more interpretable local basis
for class determination [43].

Existing studies mainly improve time-series classification performance from three
aspects: prototype selection, prototype optimization, and prototype matching. Overall,
time-series prototype extraction can transform complex temporal data into a matching
problem among class-representative patterns, providing an effective approach for im-
proving classification accuracy, robustness, and interpretability.

3. Proposed Method

Before introducing the proposed method, the concept of a “sample” is first clarified.
In this study, one sample refers to a complete multivariate time-series segment collected
under one EHA operating state during one maneuver, rather than a single scalar value at
a certain time instant.

Each EHA multivariate time-series sample contains monitoring variables associated
with the motor-drive, hydraulic-transmission, and actuator-motion parts of the system.
These signals are used to characterize the electrical response, hydraulic response, and me-
chanical motion response of the EHA during fault propagation.

For the fault-diagnosis task of aviation electro-hydrostatic actuators (EHAs), multi-
variate monitoring signals under different operating states often show high overall simi-
larity, while fault differences are mainly reflected in subtle changes in local amplitude,
local trends, and multivariate coupling relationships. Meanwhile, because EHA fault sam-
ples are costly to obtain, practical diagnosis often faces problems such as small samples
and class imbalance. However, traditional Transformers focus on global generic feature
modeling and tend to ignore local discriminative segments closely related to fault catego-
ries, resulting in limited discriminability and robustness in fine-grained fault-identifica-
tion scenarios.

To address the above problems, this paper proposes a Local Prototype-Global Ge-
neric Dual-branch Transformer (LPG-Former). First, the method constructs a class-specific
discriminative prototype (CDP) to extract local fault prototypes with class representative-
ness and discriminability from different operating states. Subsequently, a multivariate
coupling-aware prototype matching strategy (MCPM) is designed. During CDP match-
ing, local dissimilarity, correlation, and trend consistency with the input sample across
multiple variables are simultaneously measured, thereby enhancing the ability of the CDP
to perceive multivariate coupling relationships. Finally, a Local Prototype Transformer
(LPT) and a Global Generic Transformer (GGT) are constructed to encode, respectively,
the local discriminative information reflected by the CDP and the global generic infor-
mation in the original time series. Ultimately, the feature representations output by the
LPT and the GGT are concatenated and fused, then fed into a classification layer to gen-
erate the final fault-diagnosis result, while the loss function is updated to optimize the
feature mapping, Transformer encoders, and classification-layer parameters.

3.1. Class-Specific Discriminative Prototype (CDP)

To enhance the ability to characterize locally discriminative fault time series, this pa-
per proposes a class-specific discriminative prototype construction method. The CDP is a
local time-series prototype that satisfies two requirements: on the one hand, the prototype
has high similarity to local segments in samples from the same operating state; on the
other hand, it has large differences from local segments in samples from other operating
states. Therefore, the CDP can serve as a local basis for discriminating EHA fault classes
and provide input for subsequent Transformer modeling. In this study, a time-series pro-
totype refers to a representative local subsequence that repeatedly appears in samples of
a certain operating state and shows clear differences from samples of other operating
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1. Training Multivariate

states. Taking an actuator-displacement signal as an example, if a specific fault state re-
peatedly produces a short local deviation or tracking-lag pattern during the maneuver,
the time points with the largest reconstruction errors are first selected as discriminative
points. The signal segment bounded by adjacent discriminative points is then treated as a
candidate prototype. This candidate segment is compared with the best-fit subsequences
from samples of the same and different operating states. If it is consistently close to same-
class samples but clearly different from other-class samples, it obtains a high information
gain and is retained as a final CDP. In this way, the prototype-selection process transforms
local signal differences into class-discriminative diagnostic evidence. The construction
principle of the proposed CDP is shown in Figure 1.
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Figure 1. Construction process of class-specific discriminative prototypes based on discriminative

time points and information-gain screening.

Specifically, discriminative points (DPs) are first extracted from each variable chan-
nel. The extracted DPs are then connected sequentially to form a discriminative line (DL).
Next, the reconstruction distance from each remaining time point to the DL is calculated,
and the time point with the largest distance is selected as the next DP to form a new DL.
The above operation is repeated until a predetermined number of DPs has been selected.
Finally, three consecutive DPs are taken as a group, and the original time-series segment
between the first DP and the third DP is used as a candidate CDP.

In the initialization stage, the first and last time points of a time-series sample are
used as two initial DPs, and the line connecting them is used as the initial DL. New DPs

are then selected progressively according to the reconstruction distance. Let RD() e
note the reconstruction distance of a time point ¢ in the sequence relative to the DL formed
by the selected DPs. The newly added DP can be expressed as follows:

)

£ = arg max<;<y RD(?),
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where BP0 denotes the reconstruction distance from time point ¢ to the current recon-
structed line segment, and the selected point denotes the newly added DP. This formula
indicates that among all time points that have not yet been selected, the point with the
largest reconstruction distance is selected as the new DP.

The v-th variable channel of a multivariate time-series sample X is denoted by

)
X" . After each new DP is added, candidate CDPs can be constructed using adjacent

consecutive DPs. The starting and ending positions of a candidate CDP are denoted by by

and 7, respectively. Then, the candidate CDP can be expressed as follows:
G, =X, 1,1 2

After candidate CDPs are extracted, the best-fit subsequence (BFS) is further used to
evaluate their class discriminability. Specifically, the role of the BFS is to search each train-
ing sample for the local segment most similar to the candidate CDP, thereby determining
whether the sample contains a local fault pattern similar to the candidate prototype. If a
sample and the candidate CDP belong to the same operating state, its BFS should gener-
ally have a small distance from the candidate CDP. If the sample belongs to another op-
erating state, even the most similar BFS should still show a large distance from it. At this
stage, CDP-BFS matching is conducted within the same signal channel. A candidate CDP
extracted from one variable is compared only with local subsequences from the corre-
sponding variable of each training sample. Same-class and different-class samples refer to
samples with the same or different operating-state labels, rather than different signal
channels. Cross-variable coupling is further introduced in the MCPM stage by extending
selected CDPs into multivariate prototype blocks. Therefore, this paper calculates the
matching distance between the candidate CDP and the BES of each training sample, ob-
tains its distance distributions on same-class and different-class samples, and further eval-
uates the discriminability of the candidate CDP for different operating states using infor-
mation gain. A larger information gain indicates that the candidate CDP can better cluster
same-class samples and separate different-class samples, and therefore has stronger class
discriminability.

To evaluate the similarity between a candidate CDP and the BFS of a training sample,
this paper introduces the complexity-invariant distance (CID). Compared with Euclidean
distance, CID can consider both point-value differences and shape-complexity differ-
ences, and is therefore more suitable for measuring local fluctuations in EHA time series.

Specifically, given two time-series segments of the same length, Xa and b
senting the candidate CDP and the corresponding BEFS, respectively, their complexity-in-

variant distance can be defined as follows:

, repre-

max(I'(X,),I'(X})) 3)
min(D(X, ), T (X)) +7”
where the | |-11_2 denotes Euclidean distance, I'(-) denotes the sequence-complexity esti-
mation function, and 1) denotes a small constant used to avoid a zero denominator.

Dig (X Xp) =11 X, = Xpll5 -

For a candidate CDP, the minimum matching distance between it and the BFS of
sample X canbe expressed as follows:

d,(G,)=min [ Dy (X,[€:E+L, -11,G,), 4)

where U7 is the candidate CDP, and L s the length of the candidate CDP. This for-

mula indicates that the local segment most similar to the candidate CDP is searched in the

input time-series sample, and the minimum distance is used as the matching distance be-
tween them.
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After obtaining the minimum matching distance between the candidate CDP and all
samples, information gain is further used to evaluate its class discriminability. Let the
proportion of samples from the m-th operating state in the training set D be denoted by

7m ; then the information entropy of the training set is

M
H(D) == T log(z,, +11) . 5)

m=1

For a candidate G

", the distances between it and all training samples are sorted in
ascending order, and a candidate set of splitting thresholds can be constructed from the

midpoints of adjacent distance values:

N-1
@rz%%z_LLzl:l ) (6)
k=1

The training set can be divided into two subsets with smaller and larger distances
according to different thresholds:

D™ (&) ={(X,.cy)l d,(G,) <SS},

)
DY (&) ={(X,.¢,) d,(G,) >V} ®)
The information gain of the candidate CDP under threshold ¢ can be expressed as
(G, 9) = H(D)—%H(D‘(ﬂ)) —'T%H(DW)) - )

The final information gain of the candidate CDP can be expressed as
1(G,) = max g Z(G,.0). 0)

A larger information gain indicates that the candidate CDP can reduce the class un-
certainty after sample partitioning more effectively, and thus has stronger discriminative
ability for different EHA operating states. Finally, to prevent the feature space from being
dominated by majority-class samples under data-imbalance conditions, the same number
of highly discriminative CDPs is selected for all classes.

Let the candidate CDP set of the m-th class be denoted as G , and let the total num-
ber of retained CDPs be g. The g/M candidate prototypes with the highest information
gains are selected from the m-th class as follows:

Qm = TOpg/M {Gr € gm‘ I(Gr)} . (11)
The final CDP prototype pool is obtained as
Qcpp ={Q1. Q).+ Q] - (12)

Through the above process, a CDP prototype pool with local representativeness and
class discriminability is extracted from EHA multivariate time series. This prototype pool
can provide highly discriminative local feature information for different operating states.

Furthermore, the information-gain screening mechanism improves the stability of
the extracted prototypes under practical perturbations. EHA signals often contain meas-
urement noise, transient hydraulic fluctuations, and operating-condition variations
caused by dynamic aerodynamic loads. As random noise and transient drift usually lack
consistent morphology across samples from the same operating state, perturbation-dom-
inated candidate segments cannot effectively partition the training set, and therefore ob-
tain low information gain. These unstable segments are filtered out during prototype
screening, whereas the retained class-specific discriminative prototypes correspond to sta-
tistically recurrent fault signatures. This mechanism enhances the robustness of prototype
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representation under complex dynamic interferences without requiring additional de-
noising procedures.

3.2. Multivariate Coupling-Aware Prototype Matching Strategy (MCPM)

During training, when highly discriminative CDPs are matched with BFSs in the in-
put time series, the two need to be further mapped into learnable feature parameters and
their feature differences need to be quantified before being input into the Transformer for
encoding. However, because an EHA is composed of multiple coupled components such
as a servo motor, piston pump, hydraulic actuator cylinder, and sensors, different fault
states are often manifested through linkage relationships among variables such as current,
displacement, velocity, and pressure. Therefore, simply comparing local morphological
differences on a single variable usually cannot fully reflect fault propagation and state-
change characteristics.

To this end, this paper proposes a multivariate coupling-aware prototype matching
strategy (MCPM). This strategy consists of three steps. First, univariate CDPs are extended
into multivariate local prototype blocks containing related variables. Second, the extrac-
tion-position information of CDPs is used for BFS search and matching, thereby minimiz-
ing search time. Finally, the differences between CDPs and BFSs are quantified as features
and input into the Transformer for encoding. The workflow of the proposed multivariate
coupling-aware prototype matching strategy is shown in Figure 2. The detailed principle
is as follows.

U=Projection(CDP;)—
Projection(BFS;)

-

Position
embedding

Variable-setf !

embedding [ 1

Figure 2. Multivariate coupling-aware CDP-BFS matching and local prototype feature encoding

process.

3.2.1. Multivariate Coupling-Aware BFS Search

Let the source sample of the i-th CDP be Xi , and let its start and end positions be si
and e;, respectively, with length Li=e=si+1 Considering that EHA fault differences are
not only reflected in local morphological variations of a single variable, but may also ap-
pear as changes in synchronization, lag, or coupling relationships among multiple varia-
bles, a corresponding coupling-variable set is first constructed for each CDP.

Specifically, the maximum lagged correlation between the primary variable vi and

another variable g within the local time interval is calculated as
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Kig =MaXge[_z 7] Corr(X,»(v")[s,» : ei],Xi(q) [s;+7T:¢ +z’])‘ . (13)

According to the correlation magnitude, the K variables most strongly correlated
with the primary variable are selected and combined with the primary variable to form a
coupling-variable set:

M ={vi}OTopK,, (Kig), (14)

where 7 denotes the time lag, "0 denotes the maximum allowable lag range, and M;
denotes the coupling-variable set corresponding to the i-th CDP. Thus, the i-th CDP is no
longer represented as a univariate local subsequence, but is extended into a multivariate
local prototype block:

P =x s q1enMME (15)

Therefore, the proposed strategy can not only measure local morphological differ-
ences between CDP and BFS, but also further optimize the BFS search and matching pro-
cess by measuring inter-variable correlation and trend consistency.

First, local dissimilarity can be defined as the weighted sum of the CIDs of all coupled
variable channels:

A=Y @y Peia (X V1 j+L-1.ED ), 16
ge M,

where %0 is the weight of variable g, which can be obtained by normalizing its correla-
tion with the primary variable.
Second, the inter-variable coupling relationship can be defined as the variable corre-
lation between the prototype block and the candidate segment:
A (j)= Z|Corr(xi(‘”[j L+ L =1, XD+ 1 =17) = Corr (RO, R )| a7
q<h
Meanwhile, to characterize the consistency of variation trends among different vari-
ables during changes in EHA operating states, a first-order difference trend is introduced:

INMOEDY [I—COH(VX(q)[j cj+1; -1, VP )} . a8)
geM;
Before fusion, the three dissimilarity terms are first scale-aligned over the training set
to avoid directly adding heterogeneous raw quantities:
Ky
Qf(j) zAk"—(J), ke {loc,rel,slo}, (19)
M +e
where # A denotes the mean value of the corresponding dissimilarity term computed
from the training CDP-BFS pairs. The parameter € is a small constant. This normaliza-
tion converts local morphology, variable correlation, and trend consistency into non-neg-
ative and dimensionless terms with comparable magnitudes. Finally, by integrating the
three normalized components, the multivariate coupling-aware matching distance is de-
fined as

slo

D)= B )+ & G+ B (). (20)

The additive formulation represents a linear scalarization of a multiview matching
criterion. Each term penalizes one specific aspect of the CDP-BES mismatch. These aspects
include local shape deviation, inter-variable coupling deviation, and trend inconsistency.
This formulation provides a single searchable objective while preserving complementary
information from different views. The local morphological term serves as the reference

term with a fixed coefficient of 1. The coefficients B and B balance the contributions
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of the coupling and trend terms, respectively. After normalization, both coefficients are
set to 1.0 based on the validation set. They are fixed during testing to avoid information
leakage. The multivariate coupling-aware matching distance is then used to search for the
multivariate BFS that best matches the CDP in the input sample. Compared with a match-
ing method measuring only univariate morphological differences, this distance simulta-
neously characterizes changes in coupling relationships and trend-coordination differ-
ences among multiple variables. This multiview measurement significantly improves the
diagnostic capability of CDP-BFS matching for EHA fault patterns.

To reduce the computational overhead caused by global search, the proposed strat-
egy innovatively searches for BFS only near the CDP extraction position. The start and
end positions of the position-aware search window wi for the i-th CDP can be expressed
as

wy = max(l,s; —w); 1)

W, = min(7—L; +1,5; +w) . 22)

The primary variable and its coupled variables share the same search window to pre-
serve their temporal correspondence within the multivariate prototype block. Allowing
independent searches for different variables may align them with different oscillation cy-
cles and thus distort the correlation and trend-consistency measurements. According to
Equations (21) and (22), the search window contains at most 2w + 1 candidate start posi-
tions and is adaptively truncated near the sequence boundaries.

The restricted search window is introduced not merely for computational accelera-
tion, but also to preserve the temporal context of EHA fault signatures. In this study, the
EHA responses are collected under a Dutch-roll maneuver, which imposes periodic sinus-
oidal excitation on the actuator system. Under this condition, morphologically similar seg-
ments may occur in adjacent cycles. Therefore, unrestricted global search or uncon-
strained time-warping may produce phase-mismatched matches by aligning a prototype
with a physically irrelevant segment from another cycle. By limiting the BFS search to the
vicinity of the original CDP extraction position, the proposed strategy enforces local phase
consistency, reduces cross-cycle mismatching, and decreases search complexity without
overlooking diagnostically relevant local features.

D" ())

Within the search window, the start position that minimizes is used as the

BEFS start position:

.best . > .
Ji¢ =arg M ey, Ly, 1 D" (j)-

(23)
-best
Starting from /i, a subsequence of length Li is extracted to obtain the multivariate
BFS:
Bi =Xi[jib€” :jibeSt-"Li_l]' (24)
Compared with univariate CDP, the above process extends CDP-BFS matching from
a single local morphological segment to a multivariate local prototype block, and enables
the BFS matching process to simultaneously perceive local morphological differences and
changes in variable coupling relationships, making it more suitable for multivariate time-
series fault-diagnosis tasks.

3.2.2. Quantification of CDP-BFS Differential Features

As shown in Figure 3, after obtaining the BES corresponding to the i-th CDP, the CDP
and BFS are further mapped into a unified embedding space, and the feature difference
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between them is calculated. Let F(B;)

and 7 denote the linear projection functions

of BFS and CDP, respectively; then, the differential feature corresponding to the i-th CDP-
BFS pair is

hy =F(B;)-F(F),

= F(B)~F(B) 5)

Ixd,
where %€ denotes the embedding dimension of the differential feature. This dif-
ferential feature not only reflects the degree of morphological deviation between BFS and

CDP, but also contains matching differences caused by variations in variable coupling

relationships. Therefore, for EHA fault diagnosis, B canbe regarded as a representation
of the deviation of the input sample from a typical local fault pattern.

To preserve the temporal position and variable-source information of CDP, posi-
tional embedding is further introduced. The start position, end position, and coupling-
variable-set embedding of CDP are added to the differential feature:

By = Iy +e(s;) +e(e) +e(M), 26)
where “M) denotes the overall embedding of the coupling-variable set. Through the
above processing, the differential feature simultaneously contains the local matching dif-
ference between CDP and BFS, temporal-position information, and variable-coupling in-
formation, and can be used as an input token for the subsequent Transformer.

Multi-variable BFS search and differential feature quantification

— ]

1

CDP o !

Pool | Feature !

.:'? 1 . difference E
@ »| Best-fit _> % ) !
g Time — Feature Transoform | !
= Series g mapping er encoder | 1
s »| Finding — BFS'—» .8 > i
= — !
= Feature !
= CDP 41 difference [ i
Pool - N !

> ]

]

]

Figure 3. Quantification of feature differences based on CDP and BFS.

3.2.3. Local Prototype Transformer
To further model dependencies among prototypes, this paper constructs a Local Pro-
totype Transformer. Let the input differential-feature sequence be denoted as

ﬁz{ﬁhhAZ""hg} . o .
, Where g is the number of CDP prototypes. For the i-th differential fea-
ture, its output after the multihead attention (MHA) mechanism is

g ~
W= (hay), (27)
=

: -
where 4 denotes the value-mapping matrix, and "/ denotes the attention weight

from the i-th prototype differential feature to the j-th prototype differential feature:

Uiy A ) Ax)"

(Ao )h;Ag ) , (28)
Vi

@; ; = softmax
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where the corresponding matrices denote the query matrix and key matrix, respectively.
Through this mechanism, LPT can learn correlations among the matching differences of
different CDPs, allowing prototypes with similar fault-discrimination patterns to form
stronger information interactions while suppressing interference from irrelevant or
weakly discriminative prototypes.

3.3. Global Generic Transformer (GGT)

Although LPT can effectively characterize the matching differences between locally
discriminative prototypes and input samples, relying only on local prototype features
may ignore the overall dynamic trends and global information of time series. Therefore,
to reduce the overfitting risk caused by the high sensitivity of local patterns, this paper
further constructs a Global Generic Transformer to extract cross-class shared global ge-
neric features from multivariate time series.

Taking the original EHA multivariate time series as input, a convolutional mapping
module is first used to extract generic temporal features. The convolutional mapping
module consists of one-dimensional convolution, batch normalization, and a GELU acti-
vation function, and its calculation process is

@, (X)=GELU(BN(ConvlD(X))), 29)
where the convolutional operation is used to extract local temporal patterns and basic in-
ter-variable associations, batch normalization is used to stabilize feature distributions, and
the GELU activation function is used to enhance nonlinear representation capability.

Subsequently, two convolutional mapping modules are used for consecutive feature
extraction from the input sequence, yielding generic features:

0=, ((DC(X))/ (30)

where Q={q1,q2,~--qn}
volutional modules.

Because long-range dependencies still exist among the generic feature tokens, this
paper further inputs them into a multihead attention module to model global correlations
among different generic features. Considering that each token output by convolution
lacks explicit positional information, learnable positional embedding is introduced, and
the output of GGT is

denotes the generic feature-token sequence extracted by the con-

g8t _
re = MHA(Q+E, ). 31)
Finally, because the input of the GGT branch is generic feature tokens for all classes,
average pooling is used to obtain the global generic representation:

z; = AvgPool (rggt ) , (32)

*
z
where ¢ denotes the final feature representation output by the Global Generic Trans-
former branch.

3.4. Local Prototype-Global Generic Dual-Branch Transformer (LPG-Former)

To fully fuse local prototype features and global generic features, this paper con-
structs a Local Prototype-Global Generic Dual-branch Transformer. The architecture of
the proposed LPG-Former is shown in Figure 4. For the LPT branch, because the input
tokens originate from the matching-difference features of different CDPs, they have ex-
plicit class-discriminative meaning. To avoid average pooling weakening the discrimina-
tive information carried by high-information-gain prototypes, this paper selects the token
corresponding to the CDP with the highest information gain from the LPT output as the
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Ipt
final representation of the local prototype branch, denoted as ~™ . It should be noted

that this token has completed attention interaction with the differential features of other
CDPs in LPT; therefore, it not only retains the dominant discriminative information of the
prototype with the highest information gain, but also integrates contextual association
features from other prototypes. For the GGT branch, the global generic representation

8gt
Zs has been obtained by average pooling as described above. Subsequently, the out-

puts of the two branches are concatenated:

_ pt ggt
Z—concat(Z* A ) (33)

In the classification stage, the fused features are input into a linear classification layer,
and class probability distributions are obtained through Softmax. The final predicted class
is

P = argmax (softmax (Linear(Z ))) i (34)
During training, the cross-entropy loss function is used to optimize the overall net-

work parameters. Its objective function is
L::LCE(y’JA})' (35)

where y denotes the true class label, and the corresponding term denotes the model pre-
diction.
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Figure 4. Overall architecture of the proposed LPG-Former.

4. EHA Fault Dataset
4.1. EHA Fault Experimental Platform

This paper uses an aviation electro-hydrostatic actuator (EHA) fault simulation ex-
perimental platform to construct a multivariate fault time-series dataset. The platform
takes the aileron EHA system of a fixed-wing aircraft as the research object and uses the
Dutch-roll maneuver as a typical flight condition. During the Dutch-roll maneuver, the
aircraft heading angle and roll angle vary periodically in sinusoidal form, and the aileron
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Hydraulic Subsystem Model

dx V,dpP,
0=, g HGUP RGO
dx V, dp,
0, =Sy g +GlP-R)-Cop =2
4
0,=0,-0, :APXP(S)+Crﬂ(S)+4fﬂSﬂ(S)

AR, =(msVS)+ BV (s)s+F,

deflection angle serves as the attitude-adjustment input that drives the EHA system. Ac-
cording to the aileron control-surface deflection demand, the hydraulic actuator-piston
displacement command can be further obtained, and time-varying commands and com-
posite loading conditions can be constructed by combining aerodynamic loads and axial
structural vibration velocity, thereby simulating the dynamic response process of the EHA
system under flight conditions. In the simulation platform, the Dutch-roll maneuver is
applied to the EHA through two coupled inputs. First, the aileron deflection demand gen-
erated by the maneuver is converted into the actuator-piston displacement command,
which serves as the motion input of the EHA closed-loop control system. Second, the cor-
responding time-varying aerodynamic load is introduced through the aileron-load mod-
ule and acts on the actuator output side through the transmission mechanism. Therefore,
the EHA is driven by both the displacement command and the external load variation
during the maneuver, allowing the simulated response to reflect the coupled influence of
flight-control motion and aerodynamic loading.

The established EHA system mainly consists of a servo motor, piston pump, hydrau-
lic actuator cylinder, transmission mechanism, and aileron load, as shown in Figure 5.
Specifically, the hydraulic power unit is represented by a servo-motor-driven piston
pump, while the actuator is modeled as a two-chamber hydraulic cylinder. The servo mo-
tor is formulated in the d—q coordinate system to characterize the current-speed—torque
relationship, and the pump-generated flow establishes the chamber-pressure difference
that drives the actuator rod and subsequently deflects the aileron through the transmis-
sion mechanism. The servo motor drives the piston pump to output hydraulic flow. The
hydraulic actuator cylinder generates displacement output under the pressure difference
between the two chambers and drives the aileron control surface to deflect through the
transmission mechanism. To describe the electrical-hydraulic-mechanical coupled dy-
namic characteristics of the EHA system, the platform establishes a servo-motor model, a
hydraulic-subsystem model, and a load-coupling model. The servo-motor part describes
the relationships among motor current, rotational speed, and output torque based on the
d—q two-phase coordinate system. The hydraulic-subsystem part describes the dynamic
coupling relationships among the flow, pressure, leakage, hydraulic oil compressibility,
and external load of the working chamber and return chamber. The motor load torque is
jointly determined by the hydraulic-system pressure difference and pump displacement.
Through the above modeling process, the platform can relatively completely characterize
the dynamic operating process of the EHA during flight maneuvering tasks.

Parameter update

Fault injection [G” G Br B X’]

=Gk,
V=GV +hy+E,

X, =X, X
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o= 112

3
L=y
1
m)fm[nm—nm]
1
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Motor Subsystem Model
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Figure 5. Aviation electro-hydrostatic actuator (EHA) fault simulation experimental platform.
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In terms of fault injection, the platform simultaneously considers sensor faults, hy-
draulic-system faults, and mechanical-actuator faults. The green boxes in Figure 5 denote
the fault-injection variables used to modify the corresponding model parameters or feed-
back signals. For sensor-related faults, these variables represent feedback signal bias, gain
variation, or stuck value. For hydraulic and actuator faults, they represent changes in leak-
age, cylinder deformation or aging, and initial rod-displacement offset. For the sensor
feedback loop, the control-feedback state variables mainly include actuator-cylinder dis-
placement, servo-motor speed, and motor current, and bias faults, gain faults, and stuck
faults are set for these feedback variables. For the hydraulic and actuator components,
hydraulic oil leakage, actuator-cylinder deformation, actuator-cylinder aging, and initial
rod-displacement deviation are further set. These faults cover typical failure forms in EHA
systems, including sensor measurement anomalies, degradation of hydraulic transmis-
sion performance, and abnormalities in mechanical actuator components.

The severities of the injected faults are quantified using the corresponding parame-
ters in the lumped parameter dynamic model and the feedback signal model. For hydrau-
lic oil leakage, a fixed leakage flow rate is not prescribed, because the pressure difference
between the actuator chambers varies continuously during the Dutch-roll maneuver. In-
stead, leakage severity is represented by a leakage-related hydraulic coefficient that mod-
ifies the pressure and flow transmission behavior of the hydraulic subsystem. For actua-
tor-cylinder deformation and aging, physical degradation such as abrasion, sealing dete-
rioration, or diameter deviation is represented by equivalent dynamic parameters that af-
fect mechanical resistance and actuator response. Initial rod-displacement deviation is
quantified by the imposed initial displacement offset, while stuck, gain, and bias faults
are quantified by the stuck limit, gain coefficient, and bias value in the feedback signal
path, respectively. This parameter-based quantification is consistent with the governing
equations of the simulation platform and preserves the time-varying coupling among cur-
rent, pressure, flow, and displacement responses.

Based on this fault experimental platform, EHA dynamic response data under differ-
ent operating states can be obtained by changing the fault-injection location, fault type,
and fault parameters. Because the platform simultaneously considers flight-condition ex-
citation, hydraulic-load variation, and multicomponent coupling relationships, the gener-
ated data can better reflect linkage variations among multivariate response signals during
EHA fault propagation, providing a data basis for the multivariate time-series fault-diag-
nosis experiments in this paper.

4.2. Fault Data Acquisition

Based on the EHA fault simulation experimental platform, this paper collects multi-
variate time-series response signals under different operating states as fault-diagnosis
data. It should be clarified that the dataset used in this study is generated from the EHA
fault simulation experimental platform rather than directly collected from physical sen-
sors on a hardware test bench. The monitored variables are obtained as simulated re-
sponse outputs of the EHA model under the Dutch-roll maneuver and different fault-in-
jection settings. Therefore, the term “data acquisition” in this study refers to the extraction
and recording of multivariate simulated response signals from the simulation platform.
Because the EHA system is composed of multiple coupled components such as a servo
motor, piston pump, hydraulic actuator cylinder, sensors, and mechanical transmission
mechanism, different fault states not only cause local amplitude or trend changes in a
single variable, but also change the correlation and coordinated variation relationships
among multiple monitoring variables. Therefore, this paper uses multivariate monitoring
signals during EHA operation as model input to characterize dynamic response features
under different fault states.
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Specifically, the platform synchronously collects key state variables and response
variables of the EHA under each operating state to form multivariate fault time-series
samples. Compared with univariate signals, multivariate time series contain not only the
temporal evolution pattern of each variable itself, but also variations in coupling relation-
ships among different variables, and are therefore more suitable for characterizing fine-
grained state differences during EHA fault propagation.

The input to LPG-Former comprises 11 synchronized signal channels: the difference
between the motor output torque and the actuator-damping reaction torque D7, actual

1 N .
motor current &, actual motor speed 'R, actuator-cylinder pressure P sensor-meas-
. S S
ured rod displacement “P, sensor-measured motor speed "V, sensor-measured motor

current 37 motor voltage U, rod velocity V', actual rod displacement XR, and rod-

d (XR’Cmd). The simulation-time variable 7 is used as a tem-

displacement comman
poral index. Specifically, variations in motor current affect the motor torque and pump
flow, while the resulting cylinder-pressure difference governs the actuator-rod motion.
The rod-displacement feedback subsequently modifies the closed-loop current demand,
forming a direct physical linkage among current, pressure, and displacement responses.

Because the dataset is generated by the EHA simulation platform, no physical hard-

ware sensors are involved. The Sp , Sy , and St channels emulate rod-displacement,
motor-speed, and motor-current sensors, respectively, whereas the remaining channels
are extracted from the corresponding model states or control variables. All 11 channels
are synchronously recorded over a 100 s Dutch-roll maneuver using a simulation time
step of 0.01 s, corresponding to a sampling rate of 100 Hz. Each complete maneuver record
therefore contains 10,001 synchronized time points per channel, including the initial and
final instants.

To further illustrate the motion response of the aileron EHA under the Dutch-roll
maneuver, Figure 6 presents the time history of the EHA actuator-rod displacement. The
displayed maneuver spans 0-100 s with a simulation time interval of 0.01 s, and the actu-
ator rod exhibits a periodic reciprocating motion corresponding to the oscillatory flight
excitation.
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Figure 6. Time history of the aileron EHA actuator-rod displacement during the Dutch-roll maneu-

ver.

To clarify the physical connection between the EHA dataset and the fault mecha-
nisms, the operating states are further explained from the perspective of signal responses.
The normal condition represents the baseline coordinated state of the motor, hydraulic
transmission, and actuator motion. Initial rod-displacement deviation directly changes
the initial actuator position and may induce abnormal tracking errors and transient cur-
rent variations. Hydraulic oil leakage weakens pressure-holding and transmission effi-
ciency, leading to pressure attenuation, increased flow compensation, and slower dis-
placement response. Cylinder deformation and aging change the mechanical constraint,
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friction, or sealing characteristics of the actuator, which may cause abnormal pressure
fluctuations, displacement trends, and current responses. Stuck, gain, and bias faults are
associated with abnormal feedback or signal-transmission characteristics, and their effects
can be propagated through the closed-loop control process. Therefore, EHA faults are re-
flected not only in local variations of individual signals, but also in coupling changes
among current, pressure, flow, and displacement signals, which provides the physical ba-
sis for multivariate time-series diagnosis.

According to the fault-injection type, this paper constructs data for eight EHA oper-
ating states. Normal condition (NC) represents the normal operating state of the EHA;
initial rod-displacement deviation (IRDD) simulates an actuator anomaly when the initial
piston-rod position is offset; hydraulic oil leakage fault (HOLF) simulates abnormal pres-
sure and flow transmission caused by hydraulic oil leakage; actuator-cylinder defor-
mation fault (ACDF) and actuator-cylinder aging fault (ACAF) simulate changes in actu-
ator dynamic characteristics caused by cylinder deformation and aging degradation, re-
spectively; stuck fault (SF) simulates abnormal state variables caused by sensor or actuator
sticking; and gain fault (GF) and bias fault (BF) simulate gain anomalies and offset anom-
alies in sensor measurements, respectively.

The selected fault types cover the main failure mechanisms of an aviation electro-
hydrostatic actuator, including hydraulic transmission degradation, mechanical actuator
abnormality, and feedback signal anomaly. These faults are selected because they directly
disturb the coupled electrical, hydraulic, and mechanical responses and represent typical
degradation modes in flight control actuation systems. Regarding fault severity, each fault
category is generated using a representative severity setting that can produce observable
dynamic deviations. As this study focuses on fault pattern classification rather than sever-
ity regression, the dataset is designed to distinguish different physical fault mechanisms
from the resulting multivariate time-series responses.

The simulated responses are consistent with the expected physical behavior of the
system. Hydraulic oil leakage occurs in the hydraulic transmission subsystem and weak-
ens the pressure holding capability between the actuator chambers. This causes pressure
attenuation and, under closed loop control, increases the flow compensation demand,
slows the displacement response, and induces compensatory changes in motor current.
Actuator-cylinder deformation and aging alter mechanical constraints, friction, or sealing
characteristics, leading to abnormal pressure fluctuations, displacement tracking delay,
and transient current variations. Initial rod-displacement deviation shifts the initial actu-
ator position and may induce tracking error and transient motor current compensation.
Stuck, gain, and bias faults occur in the feedback signal paths, where distorted feedback
signals propagate through the controller and affect current, pressure, and displacement
responses. Taken together, these signal responses indicate that an EHA fault may appear
as a local deviation in an individual channel while simultaneously altering the response
delay, inter-variable correlation, and trend consistency among current, pressure, and dis-
placement. Therefore, jointly modeling multiple synchronized signals is necessary to dis-
tinguish fault states with similar single-channel waveforms. The state codes correspond-
ing to different operating states in the specific experimental analysis are shown in Table
1.

The acquired EHA multivariate fault time series exhibit substantial fine-grained clas-
sification difficulty. On the one hand, the overall response morphologies under different
operating states are relatively similar, and some classes differ only in amplitude, trend, or
fluctuation degree over local time segments. On the other hand, the influence of faults on
system states may be indirectly reflected through coupling relationships among multiple
variables, and inter-class differences may not be obvious when only a single variable is
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observed. For example, stuck faults, gain faults, or bias faults may cause only weak am-
plitude changes within local time periods, whereas faults such as hydraulic oil leakage,
actuator-cylinder deformation, and actuator-cylinder aging may simultaneously affect the
coordinated relationships among motor-drive response, hydraulic-transmission state, and
actuator-motion state. Therefore, this dataset has characteristics including subtle inter-
class differences, hidden local discriminative information, and complex multivariate cou-
pling relationships.

Table 1. EHA operational status code.

Operational Status Status Code
Normal Condition NC
Initial Rod-Displacement Deviation IRDD
Hydraulic Oil Leakage Fault HOLF
Actuator-Cylinder Deformation Fault ACDF
Actuator-Cylinder Aging Fault ACAF
Stuck Fault SF
Gain Fault GF
Bias Fault BF

The above data characteristics are highly consistent with the multivariate fault time-
series diagnostic task studied in this paper. Traditional global feature-learning methods
are easily affected by overall waveform similarity and have difficulty fully capturing local
discriminative segments and variable-coupling variations. Therefore, this paper subse-
quently verifies the effectiveness of the proposed LPG-Former method on the EHA fine-
grained fault-identification task using this dataset.

4.3. Division of the EHA Fault Dataset

This paper uses aviation electro-hydrostatic actuator multivariate fault time series as
experimental data to verify the effectiveness of the proposed LPG-Former in fine-grained
fault identification. The dataset contains eight operating states, namely, normal condition
(NC), initial rod-displacement deviation (IRDD), hydraulic oil leakage fault (HOLF), ac-
tuator-cylinder deformation fault (ACDF), actuator-cylinder aging fault (ACAF), stuck
fault (SF), gain fault (GF), and bias fault (BF).

To further evaluate the classification performance of the model under different sam-
ple-distribution conditions, this paper constructs a balanced dataset and a class-imbal-
anced dataset. The specific sample divisions of the two datasets are shown in Tables 2 and
3.

Table 2. Sample division of the eight EHA operating states under balanced data.

Number Description Training Set Validation Set Test Set
FO Normal Condition 140 40 20
F1 Initial Rod-Displacement Deviation 140 40 20
F2 Hydpraulic Oil Leakage Fault 140 40 20
F3 Actuator-Cylinder Deformation Fault 140 40 20
F4 Actuator-Cylinder Aging Fault 140 40 20
F5 Stuck Fault 140 40 20
F6 Gain Fault 140 40 20
F7 Bias Fault 140 40 20
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Table 3. Sample division of the eight EHA operating states under class-imbalanced data.

Number Description Training Set Validation Set Test Set
FO Normal Condition 85 40 20
F1 Initial Rod-Displacement Deviation 102 40 20
F2 Hydraulic Oil Leakage Fault 36 40 20
F3 Actuator-Cylinder Deformation Fault 58 40 20
F4 Actuator-Cylinder Aging Fault 91 40 20
F5 Stuck Fault 74 40 20
F6 Gain Fault 43 40 20
F7 Bias Fault 68 40 20

The balanced dataset maintains the same number of samples for each class in the
training, validation, and test sets, and is used to evaluate the basic classification capability
of the model under balanced class distribution. The class-imbalanced dataset adjusts only
the number of samples in each class in the training set, while the validation and test sets
still maintain the same number of samples for each class, ensuring fair comparison of dif-
ferent methods under the same evaluation distribution. This setting can simulate the
shortage of samples for some classes in practical EHA fault diagnosis while avoiding in-
terference in performance-evaluation results caused by changes in class proportions in the
validation and test sets.

The class-imbalanced dataset is constructed as a controlled evaluation setting rather
than a real fault-occurrence distribution, with IRDD set as the majority class to evaluate
whether the model can still recognize minority hydraulic, mechanical, and feedback-re-
lated fault classes under biased training samples. The normal class is not set as the major-
ity class because this imbalanced setting is designed to test the model under biased fault-
sample availability rather than to reproduce the normal-dominant distribution commonly
observed in practical long-term monitoring.

5. Experimental Results and Analysis
5.1. Evaluation Metrics

To comprehensively evaluate the recognition performance of the proposed LPG-For-
mer in EHA multivariate fault time-series classification, this paper uses accuracy, preci-
sion, recall, F1-score, the confusion matrix, and the false negative rate (FNR) as evaluation
metrics. For multiclass classification tasks, precision, recall, F1-score, and FNR are calcu-
lated for each class using a one-vs-rest strategy, and the overall evaluation values are ob-
tained by macro averaging.

Accuracy represents the proportion of correctly classified samples among all samples
and is used to measure the overall classification correctness of the model. It is defined as
follows:

TP+TN
TP+TN+FP+FN’

where TP denotes the number of positive samples correctly classified as positive, FP de-

Accuracy =

(36)

notes the number of negative samples incorrectly classified as positive, FN denotes the
number of positive samples incorrectly classified as negative, and TN denotes the number
of negative samples correctly classified as negative.

Precision represents the proportion of samples predicted as positive that are actually
positive, and reflects the reliability of the model when predicting a sample as a certain
class. It is defined as follows:

TP

Precision = .
TP +FP

(37)
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Recall represents the proportion of true positive samples correctly identified by the
model and measures the completeness of the model in recognizing samples of the true
class. It is defined as follows:

TP
TP+FN

F1-score is the harmonic mean of precision and recall and is used to comprehensively

Recall = (38)

evaluate the classification performance of the model. It is defined as follows:

2% Precision X Recall
F1 score = — . (39)
Precision + Recall

To further evaluate the missed-detection control capability of the model during fault
identification, this paper introduces the false negative rate (FNR), which is defined as fol-
lows:

_FN
~TP+EN’

FNR represents the proportion of true positive samples incorrectly predicted as neg-
ative, namely, the probability that the target fault is not correctly identified. A lower FNR
indicates a smaller missed-detection risk for the target fault and higher safety and relia-

FNR (40)

bility of fault identification.
The confusion matrix can intuitively display the classification and misclassification
relationships among different fault classes. Its calculation method is shown in Table 4.

Table 4. Symbol definitions of the confusion matrix under the one-vs-rest evaluation strategy.

Actual Class

Confusion Matrix

Positive Negative
Pre- Positive True Positive (TP) False Positive (FP)
dicted
. Negative False negative (FN) True negative (TN)

5.2. Experimental Environment and Parameter Settings of LPG-Former

All experiments in this paper were completed under a unified hardware and software
environment. The hardware platform used an Intel(R) Core(TM) i7-14650HX CPU and an
NVIDIA GeForce RTX 4060 GPU with 16 GB of video memory. The software environment
was the Windows 11 operating system, the programming language was Python 3.11, the
deep-learning framework was PyTorch 2.2.2, and the CUDA version was 12.1. To ensure
reproducibility of the experimental results, all experiments were trained and tested under
the same data division, input dimensions, and preprocessing methods. The main param-
eter settings of the proposed LPG-Former are shown in Table 5.

Table 5. Specific parameter settings of the proposed LPG-Former.

Module Parameter Value

Prototype length 50
CDP Number of candidate CDPs(xT) 0.2
Number of prototypes retained per category 20
Local feature embedding dimension 128

LPT e . . .
Local position embedding dimension 128
GGT Global feature embedding dimension 128
Global position embedding dimension 128

Number of attention heads 4

LPG-Former Transformer embedding dimension 128
Feedforward network dimension 256
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Dropout 0.2
Optimizer RAdam

Training epochs 200
Initial learning rate 1x10+

The prototype-related and embedding-related parameters in Table 5 were deter-
mined according to the robustness analysis in Section 5.6, while the other training param-
eters follow the unified experimental settings used for all methods.

5.3. Introduction to Comparison Algorithms

To verify the effectiveness of the proposed LPG-Former, this paper selects four typi-
cal time-series classification methods as comparison algorithms: 1D-CNN-LSTM [36], In-
ceptionTime [37], TapNet [38], and SiameseNet [44]. Among them, 1D-CNN-LSTM and
InceptionTime are deep feature-learning methods, mainly used to extract temporal fea-
tures and dynamic dependencies. TapNet and SiameseNet are prototype-learning and
metric-learning methods, focusing on enhancing intra-class aggregation and inter-class
separation in the embedding space. LPG-Former is a collaborative modeling method for
local prototypes and global generic features, improving recognition of fine-grained fault
differences through a dual-branch structure.

To ensure fairness of comparison, all methods use the same balanced dataset, pre-
processing method, and training parameters. During training, the random seed is set to
42, the number of training epochs is 200, the batch size is 32, the optimizer is RAdam, the
learning rate is 1 x 10, the weight-decay coefficient is 5 x 10, and dropout is set to 0.2.

5.4. Comparative Experiment (1D-CNN-LSTM, TapNet, InceptionTime, SiameseNet, and
LPG-Former)

5.4.1. Classification Performance of Multivariate Fault Time Series

The classification performance of the five comparison methods on multivariate fault
time series is shown in Figure 7 and Table 6. It should be noted that the results in the table
are the means and standard deviations of five independent repeated experiments rather
than single test results. Because the test set contains 160 samples, this paper uses the av-
erage results of multiple repeated experiments to more stably reflect the classification per-
formance of different models. In addition, the precision, recall, and F1-score in the table
are the mean macro-average results over five independent experiments, and the three
metrics are counted independently. Therefore, the F1-score may differ slightly from the
result directly calculated from the average precision and average recall in the table.
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Figure 7. Classification performance of the comparison methods on multivariate fault time series:

(a) general feature learning methods; (b) prototype-based learning methods.

The specific data show that LPG-Former achieves the best results in all four metrics,
namely accuracy, precision, recall, and Fl-score, reaching 98.74%, 98.96%, 98.69%, and
98.78%, respectively. Compared with TapNet, LPG-Former improves accuracy, precision,
recall, and F1-score by 4.07%, 3.84%, 4.26%, and 4.07%, respectively. Compared with 1D-
CNN-LSTM, the improvements in the four metrics reach 11.18%, 10.75%, 11.61%, and
11.29%, respectively. Meanwhile, the standard deviations of all LPG-Former metrics are
lower than those of the other comparison methods, indicating that it not only has higher
classification accuracy but also better training stability.

Furthermore, the consistently low standard deviations across multiple independent
runs indicate that the learned high-dimensional embedding space is stable under experi-
mental variability. Although qualitative dimensionality-reduction results may vary with
initialization and projection settings, the stable classification metrics show that LPG-For-
mer reliably converges to a separable latent feature space. This consistency demonstrates
the robust feature-representation capability of the proposed model and supports its diag-
nostic reliability under different training conditions.

Table 6. Specific classification results of the comparison methods on multivariate fault time series.

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
TapNet 94.67 +0.84 95.12+0.78 94.43 +0.91 94.71 +0.86
InceptionTime 91.38+1.17 91.92 +1.09 91.14+1.26 91.41+1.18
1D-CNN-LSTM 87.56 +1.64 88.21+1.51 87.08+1.73 87.49 +1.62
SiameseNet 91.83 £0.69 92.17 +0.62 92.61 £0.74 92.39 +0.67
LPG-Former 98.74 +0.31 98.96 +0.28 98.69 +0.35 98.78 + 0.30

From the perspective of performance differences, 1D-CNN-LSTM can combine con-
volutional and recurrent structures to extract local features and temporal dependencies,
but its ability to characterize subtle inter-class differences and multivariate coupling rela-
tionships is limited; therefore, its overall performance is relatively low. InceptionTime en-
hances local morphological feature representation through multiscale convolution and
performs better than 1D-CNN-LSTM, but it still mainly relies on generic convolutional
features and lacks a local discriminative mechanism for specific fault classes. TapNet and
SiameseNet introduce prototype-learning or metric-learning ideas and can enhance inter-
class discriminability to some extent. However, these methods mainly measure sample
similarity in the global embedding space and still insufficiently model fault-related local
segments and variable-coupling variations explicitly. By contrast, LPG-Former extracts
local fault prototypes through CDP and uses MCPM to quantify local morphological dif-
ferences, variable-correlation differences, and trend-consistency differences between the
CDP and BFS. At the same time, the LPT branch models correlations among local proto-
type matching differences, and the GGT branch supplements global generic features in
the original time series, thereby achieving collaborative representation of local discrimi-
native information and global temporal information.

Figure 8 shows the visualization results of the feature distributions learned by differ-
ent methods. It can be seen that the features of some classes learned by the comparison
methods overlap to varying degrees, indicating that they have difficulty forming clear
inter-class boundaries when handling fine-grained EHA fault classes. Especially for clas-
ses with similar fault-response patterns, traditional generic feature-learning methods are
easily affected by overall signal similarity, leading to insufficient inter-class separation in
the feature space. By contrast, the feature distribution learned by LPG-Former is more

https://doi.org/10.3390/act15070395



Actuators 2026, 15, 395

25 of 38

compact, and the boundaries among different classes are clearer, indicating that the pro-
posed method can effectively enhance intra-class compactness and inter-class separabil-

ity.
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Figure 8. Visualization results of feature distributions for the comparison methods: (a) LPG-Former,
(b) SiameseNet, (c) TapNet, (d) InceptionTime, (e) 1ID-CNN-LSTM.

Figure 9 presents the confusion matrix results of different methods. It can be seen
that 1D-CNN-LSTM, InceptionTime, TapNet, and SiameseNet have certain misclassifica-
tion results among some classes, indicating that when relying only on generic deep fea-
tures, global embedding features, or a single metric-learning mechanism, the ability of the
model to distinguish similar fault states is still limited. By contrast, the main diagonal of
the LPG-Former confusion matrix is more prominent, and the off-diagonal misclassifica-
tion ratios are significantly reduced, indicating that it has good recognition consistency
across the eight EHA operating states. Combined with Table 6, LPG-Former can effec-
tively reduce the risk that fault samples are missed or misclassified as other classes, sig-
nificantly improving the reliability of multivariate fault time-series classification.
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Figure 9. Confusion matrices of the comparison methods: (a) SiameseNet, (b) TapNet, (c) Inception-
Time, (d) 1D-CNN-LSTWV, (e) LPG-Former.

5.4.2. Computational-Complexity Analysis of Multivariate Fault Time-Series
Classification

To evaluate the scalability of the proposed method for near-real-time condition mon-
itoring, the computational complexity of the online inference phase is analyzed. The
online diagnostic complexity is independent of the training dataset size, which mainly
affects offline CDP extraction and model training. For the MCPM stage, let g, V, W, and
L, denote the number of prototypes, number of variables, restricted search-window size,

and prototype length, respectively. The matching complexity is O VW-L)  As the
position-aware search limits matching to a local window, the matching cost is decoupled
from the total signal length. The Local Prototype Transformer processes g differential to-

2
kens with a self-attention complexity of O(g 'd), where d is the embedding dimension.
The Global Generic Transformer processes a downsampled generic sequence of length T

7”2
f o™ d) . These bounds indicate that the online inference cost re-

with a complexity o
mains structurally manageable, and the corresponding empirical overhead is evaluated
below.

To further evaluate the training and inference overheads of different methods in EHA
multivariate fault time-series classification, this section tests each method from four as-
pects: classification accuracy, model size, training runtime memory, and single-sample
inference time. The results are shown in Figure 10 and Table 7. Model size denotes the

storage size occupied by the complete project file corresponding to the method and re-
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flects the engineering storage overhead during model deployment. Runtime memory de-
notes the GPU memory occupied during model training. Single-sample inference time is
the average time required for the model to infer one test sample after training is com-
pleted.
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Figure 10. Accuracy, model size, and computational complexity of the comparison methods.

As shown in Table 7, LPG-Former achieves the highest classification accuracy while
maintaining relatively acceptable computational overhead. Specifically, the accuracy of
LPG-Former reaches 98.74%, which is clearly higher than that of the other comparison
methods. The model size of LPG-Former is 1087.70 KB, lower than the 1860.30 KB of In-
ceptionTime and only higher than those of TapNet, 1ID-CNN-LSTM, and SiameseNet.
This indicates that although the proposed method introduces a dual-branch structure
composed of a Local Prototype Transformer and a Global Generic Transformer, its engi-
neering storage consumption remains within an acceptable range.

Table 7. Comparison of computational complexity among the comparison methods.

Method

Training Runtime Single Sample Inference Time

Accuracy (%)

Model Size (KB)

Memory (MB)

(ms)

TapNet
InceptionTime
1D-CNN-LSTM
SiameseNet
LPG-Former

94.67
91.38
87.56
91.83
98.74

630.98
1860.30
701.33
263.27
1087.70

1355.82
1168.97
1104.66
1257.20
1756.58

1.04
1.78
0.62
0.51
1.36

In terms of inference efficiency, the single-sample inference time of LPG-Former is
1.36 ms, slightly higher than those of TapNet, 1D-CNN-LSTM, and SiameseNet, but lower
than the 1.78 ms of InceptionTime. The increase in inference time mainly comes from two
aspects. First, the local prototype branch needs to encode CDP-BFS differential features
to model dependencies among different discriminative prototypes. Second, the global ge-
neric branch needs to perform convolutional mapping and self-attention modeling on the
original multivariate time series to supplement global information. Nevertheless, the in-
ference time of LPG-Former remains at the millisecond level, indicating that it does not
introduce excessive inference overhead while improving classification performance.

In terms of training runtime memory, the training runtime memory of LPG-Former
is 1756.58 MB, higher than those of the other comparison methods. This is mainly because
the dual-branch structure needs to store local prototype matching features and global ge-
neric features simultaneously, and retain intermediate representations required for atten-
tion calculation during Transformer encoding. By contrast, SiameseNet has the smallest
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model size and shortest inference time, but its accuracy is only 91.83%, indicating that
simply pursuing lightweight design weakens the ability to represent complex multivari-
ate fault features.

5.5. Ablation Experiments
5.5.1. Ablation Experiment on Discriminative Prototypes

To verify the effectiveness of CDP and its multivariate extension mechanism, this
paper designs three groups of discriminative-prototype ablation experiments, as shown
in Table 8. The three methods all use the same dual-branch Transformer architecture, with
the difference lying in the input discriminative prototypes. Ablation method 1 uses the
multivariate CDP proposed in this paper. Ablation method 2 uses univariate CDP to ver-
ify the contribution of multivariate coupling information to prototype discriminability.
Ablation method 3 uses generic sequence prototypes to verify the necessity of class-spe-
cific local discriminative prototypes.

Table 8. Ablation experiment settings for the discriminative prototype module.

Ablation
Method

Composition Mechanism Purpose

Ablation Multivariable CDP + LPT +

To verify the overall performance of the complete LPG-Former.

method 1 GGT
Ablation Single-variable CDP + LPT To evaluate the influence of multivariate coupling information on proto-
method 2 + GGT type discriminability.

Ablation General prototype + LPT +

method 3

GGT To verify the necessity of class-specific local discriminative prototypes.

As shown in Figure 11 and Table 9, different prototype-construction methods have a
significant influence on model classification performance. Ablation method 1 using mul-
tivariate CDP achieves the best results, with accuracy, precision, recall, and F1-score
reaching 98.74%, 98.96%, 98.69%, and 98.78%, respectively. In comparison, ablation
method 2 using only univariate CDP decreases to 93.42%, 93.73%, 93.21%, and 93.39% in
the four metrics. The performance of ablation method 3 using generic sequence prototypes
further decreases, with accuracy and Fl-score of only 86.36% and 86.31%, respectively.
This indicates that whether the prototype is class-specific and whether it contains multi-
variate coupling information are key factors affecting the fault-recognition performance
of the model.

[ Multi-variable CDP [__] Single-variable CDP [__] General prototype

—
=
<

90
80
70
60
50

Performance (%)

L L L L

Accuracy (%) l Precision (%) ‘ Recall (%) l F1 score (%)

Figure 11. Influence of different prototype input strategies on the classification performance of LPG-
Former.

The comparison between ablation method 2 and ablation method 1 shows that after
extending univariate CDP to multivariate CDP, accuracy increases by 5.32%. The main
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reason is that EHA fault states are not only reflected in local fluctuations of a single vari-
able, but are also jointly manifested through coupling relationships and trend-consistency
variations among variables such as current, displacement, and pressure. Although uni-
variate CDP can capture local morphological differences, it easily ignores inter-variable
linkage features during fault propagation. Further comparison with ablation method 3
shows that the performance of generic sequence prototypes is significantly lower than that
of class-specific CDP. This indicates that relying only on global or class-irrelevant generic
segments makes it difficult to effectively distinguish operating states in EHA that have
similar overall morphology but different local fault responses. By contrast, multivariate
CDP enables the prototype-matching process to more fully represent multivariate fault
patterns through joint measurement of local morphological differences, variable correla-
tion, and trend consistency, thus achieving the highest classification performance.

Table 9. Ablation experimental results under different prototype inputs.

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Ablation 1 98.74 +0.31 98.96 +0.28 98.69 +0.35 98.78 +0.30
Ablation 2 93.42 +0.58 93.73 +0.62 93.21 +0.65 93.39 +0.60
Ablation 3 86.36 +0.84 86.75+0.79 86.14 +0.86 86.31 +0.82

5.5.2. Ablation Experiment on the Dual-Branch Architecture
To verify the complementary roles of LPT and GGT in the proposed method, this

section further conducts ablation experiments on the dual-branch architecture. The set-
tings of the three ablation methods are shown in Table 10. Ablation method 4 retains only
the LPT branch and uses the differential features between multivariate CDP and BFS as
input to verify the effectiveness of locally discriminative prototype features. Ablation
method 5 retains only the GGT branch and uses the original multivariate time series as
input to verify the effect of global generic temporal features. Ablation method 6 uses both
LPT and GGT, with local prototype differential features and global generic features as
input, to verify the effectiveness of collaborative modeling of local discriminative infor-
mation and global generic information.
Table 10. Design of ablation methods for the dual-branch Transformer architecture.

1;::;?; Input Data Architecture Purpose

Ablation  Differences between multivariate CDP  Local Prototype To verify the effectiveness of local discrimi-

method 4 and BFS. Transformer native prototype features.

Ablation . L . . Global Generic To verify the effectiveness of global generic

Original multivariate time series.
method 5 Transformer temporal features.
Ablation Differences I.De.tween ml.llhvlarlat.e cbr To verify the complementarity of local pro-
and BFS + original multivariate time se- ~ LPG-Former .
method 6 ries, totype features and global generic features.

As shown in Figure 12 and Table 11, when only the LPT branch is used, the model
has an FNR of 7.45%, runtime memory of 1226.44 MB, and single-sample inference time
of 0.94 ms. When only the GGT branch is used, the FNR increases to 13.59%, while runtime
memory and inference time decrease to 918.73 MB and 0.72 ms, respectively. By contrast,
the complete LPG-Former reduces the FNR to 1.31%, which is 6.14% and 12.28% lower
than using only LPT and only GGT, respectively, indicating that the local prototype
branch and the global generic branch have significant complementarity. In Figure 11, the
circular marker corresponds to the left vertical axis, and the triangular marking corre-
sponds to the right vertical axis.
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Figure 12. Comparison of inference overheads among LPT, GGT, and the LPG-Former dual-branch
structure.

From the perspective of branch mechanisms, GGT focuses on extracting global tem-
poral patterns and overall variable correlations from original multivariate sequences, but
it insufficiently characterizes class-specific local fault segments and therefore easily leads
to missed detections among similar fault classes. LPT uses CDP-BFS differential features
to explicitly model the differences between input samples and typical fault local proto-
types, enhancing the recognition capability for local morphological changes and variable-
coupling anomalies. However, because LPT is highly specific, using it alone may ignore
global information and increase the risk of overfitting. Therefore, the complete LPG-For-
mer adopts a dual-branch architecture of LPT and GGT, improving fine-grained fault-
identification capability while ensuring overall robustness, thereby achieving a lower
missed-detection rate and better comprehensive performance.

Table 11. Comparison of classification performance, training memory, and inference time among
LPT, GGT, and LPG-Former.

Method Architecture

FNR (%) Training Runtime Memory (MB) Single Sample Inference Time (ms)

Ablation 4
Ablation 5

Ablation 6 LPT + GGT

7.45 1226.44 0.94
13.59 918.73 0.72
1.31 1756.58 1.36

In terms of computational overhead, although the dual-branch structure increases
training runtime memory to 1756.58 MB and single-sample inference time to 1.36 ms, this
overhead is not a simple superposition of the two single-branch models and remains
within the millisecond-level inference range. Overall, LPG-Former achieves a significantly
reduced missed-detection rate with moderate computational overhead, and the proposed
dual-branch architecture significantly improves the accuracy and reliability of EHA mul-
tivariate fault time-series classification.

The significance of these architectural improvements is reflected not only in absolute
accuracy but also in missed-detection reduction. The performance degradation observed
in the ablation studies is larger than the random fluctuation range of the complete model
reported in the baseline comparisons, indicating that the degradation is mainly caused by
structural removal rather than stochastic training variation. More importantly, the false
negative rate decreases from 13.59% with only the global generic branch and 7.45% with
only the local prototype branch to 1.31% with the complete dual-branch architecture. This
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substantial reduction in missed-detection risk demonstrates that the fusion of local and
global representations is critical for reliable EHA fault diagnosis in safety-critical applica-
tions.

5.6. Parameter Robustness Experiments

To analyze the influence of key parameters on the classification performance and
computational overhead of LPG-Former, this paper conducts parameter robustness ex-
periments around the candidate CDP extraction ratio, the final number of CDPs retained
for each class, and the feature-embedding dimension. The experimental results are shown
in Figure 13 and Tables 12-14. The candidate CDP extraction ratio controls the generation
scale of candidate local prototypes and affects the coverage of key local fault segments.
The final number of CDPs retained for each class controls the size of the CDP prototype
pool and determines the amount of class-related local discriminative information availa-
ble to the model. The feature-embedding dimension controls the representation capacity
of prototype matching differences and global temporal features, affecting the feature-ex-
pression capability and computational overhead of the model.

Table 12. Influence of the candidate CDP extraction ratio on model performance and runtime

memory.
Number of Candidate CDPs(xT) F1-Score (%) FNR (%)  Training Runtime Memory (MB)

0.1 95.84 4.78 1328.46

0.2 98.78 1.31 1756.58

0.3 97.65 2.06 2364.72

0.4 97.06 2.31 2887.54

0.5 96.49 3.12 3365.83

100 4000 6
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Figure 13. Influence of the number of CDPs on model performance and computational overhead.

As shown in Figure 13 and Table 12, the candidate CDP extraction ratio has a direct
influence on both model performance and training runtime memory. When the candidate
CDP extraction ratio is 0.1 T (where T is the input sequence length), the F1-score is 95.84%
and the FNR is 4.78%, indicating that too few candidate prototypes cannot sufficiently
cover local fault morphologies in different classes. When the extraction ratio increases to
0.2 T, the Fl-score reaches 98.78% and the FNR decreases to 1.31%, indicating that an ap-
propriate increase in the number of candidate CDPs can provide a more sufficient candi-
date space for subsequent information-gain screening, thereby enhancing the discrimina-
tive capability of the final prototype pool. However, when the extraction ratio continues
to increase to 0.5 T, the Fl-score decreases to 96.49%, the FNR increases to 3.12%, and
runtime memory increases from 1756.58 MB to 3365.83 MB. The reason is that excessive
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candidate CDPs introduce redundant segments and weakly discriminative segments,
which not only significantly increases computational overhead but may also interfere with
the model’s learning of key local fault patterns.

Table 13 further shows the influence of the final number of CDPs retained for each
class on model performance and inference time. It can be seen that when only one or five
CDPs are retained for each class, the F1-scores are only 87.36% and 91.42%, while the FNRs
reach 12.84% and 8.71%, respectively. This indicates that too few CDPs are insulfficient to
represent diverse local patterns within the same fault class. When 20 CDPs are retained
for each class, the model obtains the optimal F1-score and the lowest FNR, and the single-
sample inference time is only 1.36 ms, achieving a good balance between classification
performance and inference efficiency. If the number is further increased to 30 or 40 CDPs,
although the prototype coverage range expands, the F1-score instead decreases to 95.43%
and 92.67%, and the inference time increases significantly to 3.32 ms and 5.41 ms. This
indicates that excessive CDPs lead to prototype-space redundancy and overfitting and
significantly increase the computational overhead of BFS search.

Table 13. Influence of the final number of retained CDPs for each class on model performance and

inference time.

Number of CDPs for Each Class F1-Score (%) FNR (%) Single Sample Inference Time (ms)
1 87.36 12.84 0.98
5 91.42 8.71 1.03
20 98.78 1.31 1.36
30 95.43 418 3.32
40 92.67 6.93 541

Table 14 presents the classification results of LPG-Former under different combina-
tions of feature-embedding dimensions. Overall, as the embedding dimension increases
from 32 to 128, model accuracy shows an upward trend, indicating that a higher-dimen-
sional feature space helps improve the representation capability of CDP-BFS differential
features and global temporal features. When both local and global feature-embedding di-
mensions are 128, the model achieves the highest accuracy. However, when the dimension
continues to increase to 256, model performance does not improve further, and accuracy
even decreases under some combinations. This is mainly because the EHA fault data scale
is limited, and excessively high dimensions increase the number of model parameters and
optimization difficulty, easily introducing redundant features.

Table 14. Influence of the feature-embedding dimension on the classification performance of LPG-

Former.
Local Embedding Dimension/ Accuracy (%)
Global Embedding Dimension 32 64 128 256
32 94.82 95.43 96.04 95.31
64 95.68 96.57 97.21 96.48
128 96.94 97.83 98.74 97.56
256 96.21 97.10 97.42 96.63

The above results demonstrate that LPG-Former has good robustness to key param-
eters. Within a reasonable parameter range, the model consistently maintains high classi-
fication performance. This paper finally selects a candidate CDP extraction ratio of 0.2 T,
20 CDPs retained for each class, and a feature-embedding dimension of 128. This setting
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Dimension 1

40

30

20

ensures sufficient expression of local discriminative information while effectively control-
ling runtime memory and single-sample inference time, thereby balancing classification
accuracy, missed-detection control capability, and practical deployment efficiency.

5.7. Feature-Distribution Visualization Analysis Under Class-Imbalanced Scenarios

To verify the feature-representation capability of the proposed method under class-
imbalanced scenarios, this paper further conducts experiments using the imbalanced da-
taset. In this setting, the validation and test sets maintain the same number of samples for
each class, and only the number of samples in different classes in the training set is ad-
justed to simulate the shortage of samples for some classes in practical EHA fault diagno-
sis. The class with the largest number of training samples is F1, with 102 samples. The
class with the smallest number of training samples is F2, with only 36 samples, showing
an obvious imbalance in sample distribution.

Figure 14 presents the visualization results of the feature distributions of Inception-
Time and LPG-Former under the class-imbalanced scenario. It can be seen that in the fea-
ture space learned by InceptionTime, some classes are still obviously close to or even over-
lapping with each other. Especially when the number of minority-class samples is insuf-
ficient, the model is more easily dominated by majority-class samples, resulting in unclear
minority-class feature boundaries. This indicates that when relying only on multiscale
convolution to extract generic temporal features, the model still insufficiently character-
izes locally discriminative fault patterns under class-imbalance conditions and has diffi-
culty stably forming feature representations with good inter-class separability.
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Figure 14. Feature-distribution comparison under class-imbalanced scenarios: (a) InceptionTime,
(b) LPG-Former.

By contrast, LPG-Former can form more compact and clearly separated feature clus-
ters under imbalanced data conditions. Even for classes with fewer training samples, such
as F2, F3, and F6, their feature distributions still maintain clear gaps from those of other
classes, indicating that the proposed method has better robustness in minority-class recog-
nition. The reason is that LPG-Former does not rely solely on the number of original sam-
ples to learn generic features. Instead, it extracts representative and discriminative local
fault segments from each class through class-specific discriminative prototypes, and re-
tains the same number of highly discriminative CDPs for different classes during proto-
type screening, thereby mitigating the dominance of majority-class samples over the fea-
ture space to some extent. In addition, LPG-Former performs joint modeling through
CDP-BFS differential features, so even when the number of minority-class samples is
small, it can form stable representations based on class-specific local patterns.
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5.8. Verification Experiment on Discriminative Capability

To further verify the class-discriminative capability of class-specific discriminative
prototypes, this paper designs a visualization experiment based on attention correlation.
Specifically, one sample is randomly selected from the test set, and five CDPs with the
highest information gains are selected from each of the eight operating states, resulting in
40 discriminative prototypes. To clarify the class source of each CDP, the CDPs are first
initially numbered in class order: class 0 corresponds to I1-15, class 1 corresponds to I6-
110, and so on, with class 7 corresponding to I36-140. Subsequently, to avoid prior influ-
ence of the numbering order on visualization analysis, the 40 CDPs are randomly encoded
as R1-R40 and input into the Local Prototype Transformer to extract the attention weight
matrix for visualization analysis.

It should be noted that the class groups in this experiment are defined by operating-
state labels rather than signal-channel types. Information gain is used only as a within-
class screening criterion to select representative CDPs, whereas the attention weights char-
acterize the relationships among their encoded representations. Therefore, the attention
responses should not be interpreted as signal-level feature importance or as a global rank-
ing of CDP information gains.

Figure 15 presents the visualization results of CDP attention correlation. Figure 15a
shows the attention heat map under the randomly encoded R1-R40 state. It can be seen
that even under random ordering, some CDPs show high attention responses, indicating
that these prototypes have strong correlations in the local prototype feature space. Further
backtracking according to the mapping relationship between random codes and initial
numbers reveals that most CDPs with high attention responses originate from the same
fault class, indicating that same-class CDPs have high consistency in feature expression.
Figure 15b further shows the attention heat map rearranged according to the initial num-
bering I11-140. It can be observed that high-response regions are mainly concentrated
within the class blocks composed of every five CDPs, whereas attention responses among
different class blocks are generally weak.

123456789I10111213141516171819202122232425262728293031323334353637383940 1234567 8910111213141516171819202122232425262728293031323334353637383940

(a) (b)

Figure 15. Attention-response heat maps of CDPs: (a) random numbering, (b) initial numbering.

The above results demonstrate from the perspective of attention response that the
constructed CDPs are not random local segments, but local discriminative prototypes
with strong class relevance. CDPs within the same class can form strong correlations in
the attention space, indicating that they can jointly represent typical local patterns of that
fault class. The weak attention responses among CDPs of different classes indicate that the
prototypes of each class have clear differences in local morphology, variable-coupling re-
lationships, and trend variations. Therefore, the proposed CDP can effectively enhance
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the consistency of same-class fault prototypes and the separability of different-class fault
prototypes, providing discriminative input features for the Local Prototype Transformer.

To further relate the extracted prototypes to EHA fault physics, the multivariate
CDPs can be interpreted as compact representations of electro-mechanical-hydraulic
propagation patterns rather than purely statistical segments. For the hydraulic oil leakage
fault, leakage causes pressure imbalance in the actuator chambers, and the closed-loop
controller increases motor torque/current to compensate for the pressure loss. Thus, the
prototype jointly captures pressure deviation and current compensation. For the actuator-
cylinder deformation fault, cylinder deformation increases mechanical friction, leading to
displacement tracking delay and a transient current rise. These mappings indicate that the
high attention responses in Figure 15 correspond to physically meaningful coupled fault
signatures.

6. Conclusions

To address the problems that the overall inter-class morphology in EHA multivariate
fault time series is similar and locally discriminative fault segments are difficult to extract
effectively, this paper proposes a Local Prototype-Global Generic Dual-branch Trans-
former. The method first constructs a class-specific discriminative prototype to extract lo-
cal fault segments with class representativeness and discriminability. A multivariate cou-
pling-aware prototype matching strategy is then designed to quantify the differences be-
tween CDPs and input samples from three aspects: local morphology, variable correlation,
and trend consistency. Finally, collaborative modeling through the Local Prototype Trans-
former and Global Generic Transformer realizes the fusion of local discriminative infor-
mation and global generic features, thereby achieving accurate diagnosis of fine-grained
fault classes in EHA multivariate fault time series. The conclusions can be summarized as
follows:

(1). LPG-Former achieves the best diagnostic performance in the eight-class EHA multi-
variate fault time-series recognition task, with accuracy, precision, recall, and F1-
score reaching 98.74%, 98.96%, 98.69%, and 98.78%, respectively.

(2). The ablation experiments show that the proposed CDP and MCPM are key to im-
proving the overall performance of the model. Compared with univariate CDP and
generic sequence prototypes, multivariate CDP can more fully characterize local
morphological variations, variable correlation, and trend consistency, thereby en-
hancing the model’s discriminative capability for fine-grained fault features.

(3). The dual-branch structure further verifies the complementarity between local dis-
criminative information and global generic information. The FNR of the complete
LPG-Former decreases to 1.31%, which is clearly lower than the structures using LPT
or GGT alone. Meanwhile, under reasonable parameter settings, the single-sample
inference time of the model can be maintained at 1.36 ms.

Future work will further investigate incremental updating and lightweight deploy-
ment methods for the CDP prototype pool to improve the real-time performance and de-
ployment feasibility of the model in online fault-monitoring scenarios.
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