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Abstract: Reliable diagnosis of unmanned surface vehicle (USV) diesel-engine faults requires

representations that preserve multiscale vibration content and crank-angle-dependent context.

Therefore, a CEEMDAN-CNN-BiLSTM-Cross-Attention framework is constructed, and NT-Xent

pre-training is evaluated without presuming that it provides a performance benefit. CEEMDAN

generates eight multiscale input channels, a CNN encodes local vibration transients, and the

BiLSTM represents within-cycle context. The Cross-Attention uses CNN features as queries and

BiLSTM features as keys and values. Six health states recorded on a laboratory diesel-engine

platform at 1800 r/min and 80% load are used for experiments. The acquisition order defines the

training, validation, and test subsets containing 2100, 450, and 450 cycles, respectively. Across five

paired seeds, the Cross-Attention model with NT-Xent pre-training achieve 99.16 ± 0.40% accuracy

and 99.15 ± 0.40%macro-F1 on clean test data. Five-fold acquisition-ordered block evaluation yield

99.07 ± 0.32% for both accuracy and macro-F1. Matched protocols, paired statistics, nested

ablations, reduced-data tests, and additive-noise tests are used to separate overall framework

performance from incremental component effects. NT-Xent pre-training increase clean-test

accuracy by +0.09 percentage points relative to supervised training alone (95% CI; -0.95 to 1.13; p
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https://doi.org/10.37965/jdmd.2026.1595


https://doi.org/10.37965/jdmd.2026.1796

= 0.825). The Cross-Attention model scores 0.49 percentage points lower than the without-attention

model (p = 0.207). Ordinary instance-level NT-Xent also performs worse at training-data fractions

of 1%, 5%, and 10%. Accuracy is fell to 17.56 ± 1.14% at 12 dB, which is close to the chance level

for six classes. The framework therefore accurately classifies clean test cycles under a fixed-

operating condition , but neither the Cross-Attention model nor NT-Xent pre-training produces a

reliable incremental benefit. These findings define the validated scope of the framework. Its

performance under different operating conditions, across independent sessions and engines, and in

real marine environments remains to be tested independently.

Keywords: USV; fault diagnosis; contrastive learning; CEEMDAN; CNN-BiLSTM-Cross-

Attention; vibration signal.

1 Introduction

Unmanned surface vessels (USVs) perform waterborne missions under autonomous or remote

control [1]. Their diesel engines determine manoeuverability, endurance, and mission availability

[2]. Reliable diagnosis of engine health is therefore required to identify abnormal operating states

before they compromise vessel operation.

Diesel-engine vibration signals contain local combustion-related transients at characteristic

crank-angle positions. A useful representation must therefore preserve both short-duration patterns

and their within-cycle context. High clean-data accuracy alone, however, does not establish

robustness to limited training data, additive noise, or changing operating conditions [3,4]. Model

evaluation must separate fixed-condition classification from broader generalization claims [5].

Data-driven methods are increasingly used to diagnose USV engine faults. Kowalski et al. [6]

applied an extreme learning machine to marine diesel-engine diagnosis. Qu et al. [7] combined

variational mode decomposition (VMD) with Long Short‑Term Memory (LSTM)-based state

prediction. Diez et al. [8] reduced sensor false alarms using a kernel support vector machine,

whereas Yuan et al. [9] developed a multi-kernel extreme learning machine. Contrastive learning

offers an alternative representation strategy when labelled or balanced data are limited. Wang et al.

[10] studied nearest-neighbor self-supervision for few-shot marine-machinery diagnosis. Cho et al.

[11] used supervised contrastive learning for multi-sensor engine signals. Wu et al. [12] investigated

environment-aware diagnosis under class imbalance. These studies motivate rigorous testing of

representation quality under disturbances, limited data, and changing conditions.

Vibration measurements provide information about combustion and moving-component states

in diesel engines [13]. Ramteke et al. [14] used vibration and acoustic features to identify liner wear.

Wang et al. [15] combined Ensemble Empirical Mode Decomposition (EEMD) features with
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support vector machines for gearbox diagnosis. Pająk et al. [16] used polynomial-kernel

classification of vibration and noise signals. Bi et al. [17] and Kuai et al. [18] combined adaptive

signal decomposition with learning-based valve-clearance diagnosis. Peng et al. [19] incorporated

data augmentation into an LSTM-GRU cascade. Zhao et al. [20] combined cylinder-head vibration,

VMD, and random forests to identify six valve-fault states. Jafarian et al. [21] used multi-sensor

vibration to detect misfire and valve-clearance faults. Bai et al. [22] retained diagnostic information

after compressing diesel-engine vibration signals. Despite these advances, signal disturbance,

operating-condition variation, and uncertain fault patterns continue to limit deployment.

Adaptive time-frequency analysis is widely used to denoise vibration signals and extract fault-

related components. Zhu et al. [23] combined Complete Ensemble Empirical Mode Decomposition

with Adaptive Noise (CEEMDAN), Detrended Fluctuation Analysis (DFA), Empirical Wavelet

Transform (EWT) denoising, and a residual channel-attention classifier for ship-motor fault

diagnosis. Ouelaa et al. [24] combined improved CEEMDAN, wavelet denoising, principal

component analysis, and order tracking for nonstationary gear diagnosis. Such pipelines can

improve signal quality, but preprocessing may also discard or distort discriminative information.

Existing studies motivate a diagnostic framework that connects multiscale signal content, local

vibration transients, and within-cycle context. This study makes three contributions. First, it

constructs a CEEMDAN-CNN-BiLSTM-Cross-Attention framework in which CNN-derived local

features query BiLSTM-derived contextual features. This architecture implements joint

representation without presuming that every component improves accuracy. Second, it establishes

a paired and nested evaluation design that separates backbone performance from the effects of the

BiLSTM branch, Cross-Attention, and NT-Xent pre-training. Third, it tests ordinary instance-level

NT-Xent across full-data, reduced-data, and additive-noise settings to identify its empirical

boundary in diesel-engine cycle classification.

The remainder of this paper is organized as follows. Section 2 describes CEEMDAN

preprocessing, the CNN-BiLSTM-Cross-Attention framework, the two training protocols, and the

experimental design. Section 3 reports matched architecture comparisons, block evaluation, nested

ablations, reduced-data tests, additive-noise sensitivity, and computational cost. Section 4

summarizes the three principal findings and their applicability boundaries.

2 Methods and Experiments

2.1 Preprocessing of Vibration Signal Data

Cylinder-head vibration signals contain components at multiple characteristic scales.
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CEEMDAN was therefore used as a deterministic preprocessing stage before model training. This

experiment evaluated the resulting representation under one fixed laboratory operating condition.

The simulated additive-noise test was not assumed to reproduce the disturbance distribution of

marine operations.

CEEMDAN [25] decomposed each engine-cycle signal into intrinsic mode functions (IMFs).

As summarized in Fig. 1, the procedure added adaptive white-noise realizations, averaged the

resulting IMFs, and updated the residual recursively. Let x denote the original signal, kc denote

the k-th IMF, and kr denote the residual after k components. The initial residual is defined as:

0( ) ( )r t x t (1)

The recursive relationship of residual extraction can be expressed as:

1( ) ( ) ( )k k kr t r t IMF t  (2)

where k represents the index of the extracted IMF component. During the decomposition process,

each IMF component is obtained by averaging multiple realizations with adaptive white noise,

which can be expressed as:

,
1

( ) ( )
1 I

k k i
i

IMF t IMF t
I 

  (3)

where I denotes the number of noise-assisted realizations, and , ( )k iIMF t represents the k-th IMF

component obtained from the i-th realization.

Fig. 1 Flowchart of the CEEMDANAlgorithm
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The decomposition process terminates when the residual signal no longer contains sufficient

extrema for further decomposition. The original vibration signal can then be reconstructed as:

1

( ) ( ) ( )
K

k K
k

x t IMF t r t


  (4)

where K represents the total number of extracted IMF components and ( )Kr t denotes the final

residual component.

CEEMDAN is designed to improve decomposition consistency and reduce mode mixing

relative to EMD and EEMD. The retained IMF count was selected using validation macro-F1 alone.

Candidate counts were 4, 6, 8, and 10. Eight IMFs yielded the highest validation mean and were

fixed before formal model comparison. Test labels were not used in this selection.

2.2 CEEMDAN-CNN-BiLSTM-Cross-Attention Framework and Training Protocols

The framework in Fig. 2 contains CEEMDAN preprocessing, a CNN-BiLSTM-Cross-

Attention encoder, an optional projection head, and a classifier. The projection head was used only

for NT-Xent pre-training. The classifier was used during supervised fine-tuning and supervised-only

training.
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Fig. 2 Overall architecture and workflow of the proposed fault diagnosis framework

Acquisition order defined the training, validation, and test subsets before preprocessing.

CEEMDAN was applied independently to each cycle, and StandardScaler statistics were fitted on

training data only. For  ,8,7200BX  , the CNN produced [ 900 256]B
cF

  , and the one-layer

BiLSTM produced tF with the same shape. Cross-Attention used cF as queries and tF as keys

and values. The attention output was added to Fc and normalized. Separate global pooling of cF

and the enhanced representation produced two 256-dimensional vectors, which were concatenated

into a 512-dimensional encoding. Validation macro-F1 selected checkpoints and fixed

configurations before test evaluation.

2.2.1 One-Dimensional Convolutional Neural Network (1D-CNN)

CEEMDAN transformed each vibration cycle into eight multiscale IMF channels. The CNN
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[26] then encoded local transients and short-duration patterns across these channels. This stage was

intended to represent fault-related impacts without assigning them a longer-range interpretation.

Three stride-2 convolutional stages transformed the eight IMF channels into 900 local feature

vectors, as shown in Fig. 3. These vectors entered the BiLSTM and also served as the query and

residual sources in Cross-Attention. Nested ablations evaluated the incremental contribution of this

design. CNN parameters were optimized jointly with the downstream modules during each

applicable training stage.

Fig. 3 Architecture of the CNN model

2.2.2 Temporal Feature Extraction Using BiLSTM

The CNN encoded local transients, but its output retained an ordered sequence of crank-angle

positions within each 720-degree cycle. Abidirectional long short-term memory network (BiLSTM)

[27] therefore represented preceding and following within-cycle context. This sequence did not

describe degradation across multiple engine cycles.

ABiLSTM is composed of a forward LSTM and a backward LSTM, as shown in Fig. 4. Given

the input feature tx at time step t , the forward hidden state th


encodes the historical

information, while the backward hidden state th


encodes the future information. The two hidden

states are concatenated to obtain the final output ty at time step t :

[ ]t t ty h h 
 

(5)

where ⊕ denotes the feature concatenation operation.
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Fig. 4 Architecture of the BiLSTM model

The bidirectional representation supplied each crank-angle position with context from both

directions within the same cycle. The nested comparison between the without-attention and CNN-

only configurations evaluated its incremental contribution.

2.2.3 Cross-Attention Mechanism

The CNN and BiLSTM produced aligned sequence representations. tF encoded local

vibration patterns, whereas tF encoded their within-cycle context. Both had shape 900 256B  ,

permitting scaled dot-product attention and a residual connection without additional temporal

alignment.

( )cF CNN X (6)

( )ctF BiLSTM F (7)

where X denotes the eight-channel IMF input, cF denotes the CNN local-feature sequence, and

tF denotes the BiLSTM contextual-feature sequence.

A unidirectional Cross-Attention operation [28] conditioned local CNN features on BiLSTM

context, as shown in Fig. 5. Its query and key sources, as well as its value source, differed from

those of self-attention. The operation estimated which contextual positions in tF were relevant to

each local position in cF . It was neither bidirectional nor mutual attention.

c QFWQ (8)

t KFWK (9)

t VFWV (10)

where QW , KW and VW are learnable projection matrices.
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Fig. 5 Cross-attention mechanism algorithm flowchart

The attention weight matrix is calculated using the scaled dot-product attention mechanism:

Softmax
T

kd
A 

 
  
 

QK (11)

Let A denote the scaled dot-product attention output. The enhanced sequence was eF =

LayerNorm (A + Fc), with cF as the residual source. Global average pooling was applied separately

to cF and eF . Their pooled vectors were concatenated as h = Pool(Fc) || Pool(Fe) in 512 and

passed to either the projection head or classifier.

aF AV (12)

2.2.4 Contrastive Learning Method

Fig. 6 illustrates the contrastive-learning branch of the framework. NT-Xent pre-training was

evaluated as an optional initialization strategy for the encoder. Two independently augmented views

of each training cycle formed a positive pair. Other views in the batch entered the denominator as

negatives. The reduced-data and additive-noise experiments tested this instance-level objective

without presuming improved sample efficiency or robustness [29].

Fig. 6 Architecture of the proposed contrastive learning framework
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For each training signal ix , Gaussian perturbation, temporal shifting, and amplitude scaling

generated two independent views. A shared encoder f mapped both views to features. A 512-256-

128 projection head g then produced the embeddings used by NT-Xent at 0.5  :

NT-Xent 2

1,

exp( ( , ) / )
log

exp( ( , ) / )

i j
N

i k
k k i

sim z z

sim z z




 

 


 (13)

where (, )sim denotes the cosine similarity function, defined as:

sim( , )u v
u v
u v






(14)

where  denotes the temperature, which was set to 0.5 in this study.

The two views of the same cycle formed the positive pair. With batch size 32, the remaining

views were negatives. Cycles from the same health state could therefore enter the negative set and

create class-level false negatives. Section 3 evaluates this mechanism against the reduced-data

results. Matched supervised-only training provided the control required to determine whether NT-

Xent produced a stable difference across paired random seeds.

2.3 Experimental Validation and Parameter Settings

2.3.1 Experimental Setup

Tab. 1 lists the valve-clearance settings for the six health states, and Fig. 7 shows the laboratory

diesel-engine fault-simulation platform used to acquire the vibration data. The six states comprise

four valve-clearance faults, one fuel-system misfire fault, and normal operation. Valve-clearance

faults were created by adjusting the intake and exhaust clearances while maintaining fuel supply to

all cylinders. For cylinder deactivation, the clearances remained at their normal values (0.35 and

0.55 mm), but fuel supply to one cylinder was cut off to simulate misfire.

Tab. 1 Experimental conditions and valve-clearance parameters for six health states

Health state Intake valve clearance (mm) Exhaust valve clearance (mm)

Excessively small 0.25 0.45

Slightly small 0.30 0.50

Normal 0.35 0.55

Cylinder deactivation 0.35 0.55

Slightly large 0.40 0.60

Excessively large 0.50 0.70

Vibration was acquired at 54 kHz. Each 720-degree four-stroke cycle was resampled on a 0.1-
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degree crank-angle grid from -360.0 to 359.9 degrees. This representation yielded 7200 points per

model sample. The acquisition rate and angle-domain length describe different processing stages

and do not imply a 3600-point model input [30,31].

Fig. 7 Schematic diagram of the diesel engine fault simulation platform

Each health state contained 500 consecutive cycles, yielding 3000 samples in total. A cylinder-

head sensor measured vibration along the Z direction. The first eight CEEMDAN IMFs formed an

8×7200 input tensor for each cycle. Acquisition order defined the data split before model selection.

Within each health state, cycles 1-350 formed the training subset, cycles 351-425 the validation

subset, and cycles 426-500 the test subset. The resulting sizes were 2100, 450, and 450 samples.

StandardScaler statistics were fitted on the relevant training subset only. Test labels did not guide

checkpoint or hyperparameter selection. Section 3.3 describes a separate five-fold acquisition-

ordered block analysis.

2.3.2 Model Parameter Settings

Models were implemented in PyTorch and trained on a CUDA-enabled GPU. Random seeds-

controlled initialization, dropout, DataLoader shuffling, stochastic augmentation, and reduced-data

subset selection. The fixed acquisition-ordered split did not depend on a random seed. Main

comparisons used paired seeds 42, 52, 62, 72, and 82. Reduced-data comparisons used ten paired

seeds.

Two matched protocols were evaluated. The NT-Xent protocol used 10 pre-training epochs and

50 supervised fine-tuning epochs. The supervised-only protocol used the same encoder and
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classifier for 60 epochs. Both used batch size 32, AdamW, a
-43 10 learning rate,

41 10 weight

decay, 0.1 label smoothing, and validation macro-F1 for checkpoint selection. Enabled

augmentations were applied to training signals only. Each protocol executed 3960 optimizer updates.

NT-Xent processed 147000 encoder input views, whereas supervised-only training processed

126000 samples. Their measured training times were 198.3 ± 14.7 s and 188.2 ± 6.3 s, respectively.

Peak GPU memory was 1.08 and 0.64 GiB on an NVIDIA GeForce RTX 5070 Ti Laptop GPU.

Both models contained 803782 trainable parameters.

Tab. 2 specifies the operation, input tensor, and output tensor of each module in the final

CEEMDAN-CNN-BiLSTM-Cross-Attention model. It makes the dimensional transformations

from the eight-channel IMF input to the classifier and projection head explicit.

Tab. 2 Parameter settings of the modules in the proposed model

Module Operation Input Output

CNN stage 1 Conv1d(8,64,k=7,s=2,p=3) [B,8,7200] [B,64,3600]

CNN stage 2 Conv1d(64,128,k=5,s=2,p=2) [B,64,3600] [B,128,1800]

CNN stage 3 Conv1d(128,256,k=3,s=2,p=1) [B,128,1800] [B,256,900]

Permutation [B,C,T] to [B,T,C] [B,256,900] [B,900,256]

BiLSTM 1 layer, 128 units per direction [B,900,256] [B,900,256]

Cross-Attention Q: CNN; K/V: BiLSTM 2×[B,900,256] [B,900,256]

Residual + norm LayerNorm(A + cF )
[B,900,256] [B,900,256]

Two-branch

pooling
Pool cF and enhanced

features separately

2×[B,900,256] 2×[B,256]

Concatenation Feature concatenation 2×[B,256] [B,512]

Classifier 512 -> 128 -> 6 [B,512] [B,6]

Projection head 512 -> 256 -> 128 (pre-

training only)

[B,512] [B,128]

3 Results and Discussion

3.1 Experimental Setup and Fair Comparison Protocol

The Cross-Attention model, BiLSTM, 1D-ResNet50, and 1D-Transformer used the same 8×

7200 IMF input and acquisition-ordered split. Training-only standardization, augmentation

operators, optimizer settings, learning rate, seed set, and checkpoint rule were also matched. Each
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encoder connected either to a 512-256-128 projection head for NT-Xent pre-training or to its

supervised classifier. All NT-Xent runs used 0.5  .

Each architecture was evaluated under both protocols with the same five paired seeds. NT-Xent

used 10 pre-training and 50 fine-tuning epochs. Supervised-only training used 60 epochs.

Hyperparameters were fixed before test evaluation, and validation macro-F1 selected the best

checkpoint within each run. No random 10% validation holdout was introduced.

This design controlled the data, preprocessing, augmentation, projection dimension,

optimization settings, total epoch count, paired seeds, and checkpoint criterion. Parameter counts

and measured compute were reported separately because the architectures were not strictly matched

for size or FLOPs. Test labels were used only after each configuration had been fixed.

3.2 Analysis of Experimental Results

Fig. 8 reports the mean optimization curves across the five Cross-Attention NT-Xent runs. Pre-

training NT-Xent loss decreased over 10 epochs, while the training and validation cross-entropy

losses decreased during the subsequent 50-epoch supervised fine-tuning stage. The shaded regions

denote one sample standard deviation across seeds; the two stages are shown on separate axes

because their objectives and numerical scales differ.

Fig. 8 Optimization curves for the Cross-Attention model with NT-Xent pre-training.

In Fig. 8, lines show five-seed means and shaded regions indicate one sample standard

deviation. These curves describe optimization stability within the present acquisition-ordered split.

Checkpoint selection used validation macro-F1; the curves are not evidence of cross-condition

generalization.

Tab. 3 reports five-seed means and sample standard deviations under the matched protocols.

The Cross-Attention model achieved the highest mean clean-test accuracy among NT-Xent

configurations (99.16 ± 0.40%). It also exceeded the other supervised architectures under

supervised-only training (99.07 ± 0.60%). These rankings describe complete architectures and do

not isolate attention or initialization effects. Paired comparisons and nested ablations address those
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questions. The baseline results were retained because they did not depend on the corrected attention

implementation. The following analysis uses only the formal Cross-Attention reruns.

Tab. 3 Five-seed performance comparison among four architectures under contrastive and

supervised protocols

Architecture Protocol Accuracy

(%)

Precision (%) Recall (%) Macro-F1

(%)

BiLSTM Contrastive 97.47 ± 0.58 97.46 ± 0.60 97.47 ± 0.58 97.44 ± 0.59

BiLSTM Supervised 97.64 ± 0.49 97.64 ± 0.50 97.64 ± 0.49 97.63 ± 0.49

Proposed

Cross

Contrastive 99.16 ± 0.40 99.17 ± 0.40 99.16 ± 0.40 99.15 ± 0.40

Proposed

Cross

Supervised 99.07 ± 0.60 99.09 ± 0.57 99.07 ± 0.60 99.07 ± 0.59

ResNet50 Contrastive 97.73 ± 1.36 97.77 ± 1.36 97.73 ± 1.36 97.73 ± 1.36

ResNet50 Supervised 98.71 ± 0.69 98.74 ± 0.68 98.71 ± 0.69 98.71 ± 0.70

Transformer Contrastive 98.49 ± 0.43 98.50 ± 0.44 98.49 ± 0.43 98.48 ± 0.44

Transformer Supervised 98.67 ± 0.63 98.68 ± 0.63 98.67 ± 0.63 98.66 ± 0.63

With NT-Xent pre-training, the Cross-Attention model achieved 99.16 ± 0.40% accuracy and

99.15 ± 0.40% macro-F1. Supervised-only training achieved 99.07 ± 0.60% accuracy and 99.07 ±

0.59% macro-F1. The paired accuracy difference was +0.09 percentage points (95% CI, -0.95 to

1.13; paired t-test p = 0.825). The Wilcoxon p-value was 1.000, Cohen's dz was 0.106, and

wins/ties/losses were 3/0/2. The interval included zero, and the effect size was small. Ordinary NT-

Xent therefore provided no stable clean-data advantage.

Fig. 9 uses the predefined seed-42 runs for all four architectures. The Cross-Attention

confusion matrix was strongly diagonal, and its t-SNE projection contained visually separated

clusters. These selected-run diagnostics are qualitative and do not replace repeated paired statistics.

The t-SNE projections used the same test samples and seed-specific encoders as the corresponding

confusion matrices. They visualized feature geometry but could not establish statistical superiority,

causal component effects, or generalization.
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Fig. 9 Fixed-seed qualitative diagnostics for the four NT-Xent-pre-trained architectures.

3.3 Statistical Reliability and Data Independence Analysis

Adjacent cycles from one continuous acquisition may share local patterns. Five acquisition-

ordered block folds were therefore defined before final analysis. This evaluation measured variation

across held-out blocks from the same run. It was not Group Cross-Validation across independent

engines, conditions, sensors, or sessions.

(1) Acquisition-ordered block assignment.

A sample-level random split could distribute adjacent cycles across subsets and yield an

optimistic estimate. The block analysis therefore preserves acquisition order and uses contiguous

held-out regions.

Within each health state, samples were divided into five contiguous blocks by acquisition order.

For each fold, one block was used for testing, the next block for validation, and the remaining three

blocks for training. Scaling statistics were fitted only on the training blocks.

Across five held-out blocks, the Cross-Attention NT-Xent model achieved 99.07 ± 0.32%

accuracy and 99.07 ± 0.32% macro-F1. Macro-precision was 99.08 ± 0.32%, and macro-recall was

99.07 ± 0.32%. The 95% confidence interval for mean accuracy was 98.66-99.47%. Tab. 4

summarizes accuracy, precision, recall, and macro-F1. Here, within-run consistency is defined as

the stability and repeatability of diagnostic performance across different contiguous cycle segments

partitioned from a single continuous recording, as distinct from generalization across separate

acquisition runs or operating domains.

Tab. 4 Five-fold within-run block-level consistency of the final Cross-Attention model with NT-

Xent pre-training
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Validation scheme Accuracy (%) Precision (%) Recall (%) Macro-F1 (%)

Five-fold

within-run blocks
99.07 ± 0.32 99.08 ± 0.32 99.07 ± 0.32 99.07 ± 0.32

(2) Interpretation.

The small fold-to-fold dispersion indicated consistent classification across contiguous blocks

within this acquisition run. The training folds overlapped, and all blocks came from one engine,

session, load, and speed. Consequently, the block-evaluation results confirm repeatable

classification within the same recording run, but do not establish cross-run or independent-domain

generalization.

The reported block results should not be interpreted as evidence of generalization to new loads,

speeds, vessels, sensors, or acquisition sessions, which require independent-domain data.

3.4 Ablation Study

Tab. 5 uses nested ablations to separate three effects. Full Cross-Attention with NT-Xent was

compared with matched supervised-only training to evaluate initialization. Full Cross-Attention was

compared with the without-attention model to evaluate attention. The without-attention model was

then compared with the CNN-only model to evaluate the added BiLSTM branch and its pooled

representation. This sequence avoids attributing the simultaneous removal of BiLSTM and attention

to BiLSTM alone.

Tab. 5 Five-seed nested ablation results

Configuration Accuracy (%) Precision (%) Recall (%) Macro-F1 (%)

Full Cross + NT-

Xent
99.16 ± 0.40 99.17 ± 0.40 99.16 ± 0.40 99.15 ± 0.40

Full Cross +

Supervised
99.07 ± 0.60 99.09 ± 0.57 99.07 ± 0.60 99.07 ± 0.59

Without

attention
99.64 ± 0.34 99.65 ± 0.33 99.64 ± 0.34 99.64 ± 0.34

CNN only 99.51 ± 0.19 99.52 ± 0.19 99.51 ± 0.19 99.51 ± 0.19

The without-attention model achieved 99.64 ± 0.34% accuracy, whereas the CNN-only model

achieved 99.51 ± 0.19%. The paired difference was +0.13 percentage points (95% CI, -0.24 to 0.50;

paired t-test p = 0.374). TheWilcoxon p-value was 0.500, Cohen's dz was 0.447, and wins/ties/losses

were 2/2/1. The contextual branch was therefore associated with a small numerical difference that

was not statistically established.

Full Cross-Attention with NT-Xent achieved 99.16 ± 0.40% accuracy, 0.49 percentage points
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below the without-attention model. The paired difference was -0.49 percentage points (95% CI, -

1.39 to 0.41; paired t-test p = 0.207). The Wilcoxon p-value was 0.313, Cohen's dz was -0.673, and

wins/ties/losses were 2/0/3. The present Cross-Attention operation therefore did not establish an

accuracy improvement under the clean fixed operating condition.

Within the same Cross-Attention architecture, NT-Xent and supervised-only training differed

by +0.09 percentage points in accuracy. The 95% CI ranged from -0.95 to 1.13, and the paired t-test

gave p = 0.825. The Wilcoxon p-value was 1.000, Cohen's dz was 0.106, and wins/ties/losses were

3/0/2. This isolated comparison did not support a reliable NT-Xent gain.

3.5 Extended Ablation Study and Hyperparameter Sensitivity Analysis

Tab. 6 combines validation-only IMF-count selection with test-set ablations of CEEMDAN

and the three augmentation operators. IMF count was selected from validation results. All test

ablations were evaluated only after their configurations had been fixed. The full Cross-Attention

NT-Xent model achieved 99.16%mean accuracy. Removing CEEMDAN reduced the mean to 98.89

± 0.27%, a difference of -0.27 percentage points. Removing all random augmentation produced

98.80 ± 0.84%, a difference of -0.36 percentage points. These repeated-run differences describe

clean-data rankings and do not establish causal robustness effects.

Tab. 6 IMF sensitivity and extended ablation results

Analysis Configuration Metric Mean ± SD (%)

IMF validation 4 IMFs Validation macro-F1 91.36 ± 2.96

IMF validation 6 IMFs Validation macro-F1 97.11 ± 0.23

IMF validation 8 IMFs Validation macro-F1 99.33 ± 0.39

IMF validation 10 IMFs Validation macro-F1 97.92 ± 0.13

Test ablation W/O CEEMDAN Accuracy 98.89 ± 0.27

Test ablation W/O random augmentation Accuracy 98.80 ± 0.84

Test ablation W/O Gaussian perturbation Accuracy 98.93 ± 0.67

Test ablation W/O temporal shift Accuracy 99.29 ± 0.40

Test ablation W/O amplitude scaling Accuracy 98.76 ± 0.68

Removing Gaussian perturbation yielded 98.93 ± 0.67% accuracy. Removing temporal shift

yielded 99.29 ± 0.40%, and removing amplitude scaling yielded 98.76 ± 0.68%. The corresponding

differences from the full-model mean were -0.23, +0.13, and -0.40 percentage points. Temporal shift

was therefore not uniformly beneficial in this experiment. Overlapping dispersions also precluded

a firm ranking of augmentation operators.

Validation macro-F1 was 91.36 ± 2.96%, 97.11 ± 0.23%, 99.33 ± 0.39%, and 97.92 ± 0.13%
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for 4, 6, 8, and 10 IMFs, respectively. Eight IMFs had the highest validation mean and were retained.

These validation results were not compared directly with the locked-test ablations.

The formal Cross-Attention implementation used CNN features as queries and residuals, with

BiLSTM features as keys and values. This direction was fixed before rerunning the experiment

matrix. Self-attention and multi-head attention results were excluded from formal evidence for the

proposed model. Test performance did not select the attention type.

Taken together, the ablations separated framework performance from incremental component

effects. The complete framework accurately classified clean cycles under a fixed operating

condition. However, the paired comparisons did not establish benefits from Cross-Attention, the

BiLSTM contextual branch, or NT-Xent initialization. The pronounced clean-data ceiling limited

component attribution. CEEMDAN and augmentation produced modest numerical changes, but

their broader value needs to be assessed withvariable-load, variable-speed, cross-session, cross-

engine, and field data.

3.6 Reduced-Data Performance and Additive-Noise Sensitivity

Reduced-data tests used 1%, 5%, 10%, and 100% of the 2,100-sample training subset. These

fractions corresponded to 21, 105, 210, and 2,100 samples before augmentation. Each of the ten

paired seeds used the same subset for both protocols. NT-Xent pre-training and fine-tuning were

restricted to that subset. Validation and test sets remained unchanged.

Tab. 7 presents the ten-seed paired results for each training fraction and protocol. It is used to

assess whether the effect of NT-Xent initialization changes when labeled training cycles are scarce.

Tab. 7 Ten-seed paired reduced-data results

Training

fraction

Training

samples
Protocol

Accuracy

(%)

Precision

(%)
Recall (%)

Macro-F1

(%)

1% 21
Contrastive 39.76 ±

4.72

42.87 ±

6.92

39.76 ±

4.72

35.04 ±

4.88

1% 21
Supervised 43.78 ±

4.35

44.33 ±

6.48

43.78 ±

4.35

39.55 ±

4.98

5% 105
Contrastive 67.29 ±

4.75

67.39 ±

4.75

67.29 ±

4.75

66.16 ±

4.97

5% 105
Supervised 75.47 ±

4.04

75.96 ±

3.88

75.47 ±

4.04

75.27 ±

4.09

10% 210
Contrastive 80.67 ±

4.65

80.95 ±

4.50

80.67 ±

4.65

80.50 ±

4.78

https://doi.org/10.37965/jdmd.2026.1595


https://doi.org/10.37965/jdmd.2026.1796

Training

fraction

Training

samples
Protocol

Accuracy

(%)

Precision

(%)
Recall (%)

Macro-F1

(%)

10% 210
Supervised 85.20 ±

5.29

85.55 ±

5.19

85.20 ±

5.29

85.20 ±

5.32

100% 2100
Contrastive 98.96 ±

0.47

98.97 ±

0.46

98.96 ±

0.47

98.95 ±

0.47

100% 2100 Supervised
99.00 ±

0.59

99.02 ±

0.57

99.00 ±

0.59

99.00 ±

0.58

Tab. 8 reports five-seed results after additive white Gaussian noise was applied to the raw test

signals and CEEMDAN was rerun. It distinguishes clean fixed-condition performance from

sensitivity to the simulated noise perturbation.

Tab. 8 Five-seed additive white Gaussian noise results for the proposed model

Test

condition
Protocol

Accuracy

(%)
Precision (%) Recall (%)

Macro-F1

(%)

Clean Contrastive 99.16 ± 0.40 99.17 ± 0.40 99.16 ± 0.40 99.15 ± 0.40

Clean Supervised 99.07 ± 0.60 99.09 ± 0.57 99.07 ± 0.60 99.07 ± 0.59

12 dB Contrastive 17.56 ± 1.14 7.74 ± 6.90 17.56 ± 1.14 6.13 ± 1.68

12 dB Supervised 17.87 ± 2.68 4.46 ± 3.76 17.87 ± 2.68 6.38 ± 3.61

8 dB Contrastive 17.16 ± 1.09 7.28 ± 10.05 17.16 ± 1.09 5.69 ± 2.05

8 dB Supervised 17.16 ± 1.09 3.44 ± 1.49 17.16 ± 1.09 5.66 ± 2.00

4 dB Contrastive 16.71 ± 0.24 4.10 ± 1.86 16.71 ± 0.24 5.69 ± 1.49

4 dB Supervised 16.67 ± 0.00 2.78 ± 0.00 16.67 ± 0.00 4.76 ± 0.00

0 dB Contrastive 17.11 ± 0.99 3.48 ± 1.57 17.11 ± 0.99 5.67 ± 2.04

0 dB Supervised 16.67 ± 0.00 2.78 ± 0.00 16.67 ± 0.00 4.76 ± 0.00

-4 dB Contrastive 16.62 ± 0.10 3.33 ± 1.24 16.62 ± 0.10 5.46 ± 1.56

-4 dB Supervised 16.67 ± 0.00 2.78 ± 0.00 16.67 ± 0.00 4.76 ± 0.00

-8 dB Contrastive 16.31 ± 0.80 3.15 ± 0.84 16.31 ± 0.80 5.18 ± 0.93

-8 dB Supervised 16.71 ± 0.10 3.13 ± 0.79 16.71 ± 0.10 4.93 ± 0.37

Ordinary NT-Xent did not improve sample efficiency. Relative to supervised-only training,

accuracy was 4.02 percentage points lower at 1% (95% CI, -5.79 to -2.25; p = 0.000617). It was

8.18 percentage points lower at 5% (95% CI, -11.00 to -5.36; p = 0.000104). At 10%, it was 4.53

percentage points lower (95% CI, -8.20 to -0.86; p = 0.0209). At 100%, the difference was -0.04

percentage points (95% CI, -0.52 to 0.43; p = 0.836). Wilcoxon tests and effect sizes supported the

same interpretation. Cycles from the same health state could be treated as negatives by the instance-
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level objective. These class-level false negatives may be especially damaging when few labeled

cycles are available. Class-aware masking, supervised contrastive learning, and debiased objectives

should be evaluated prospectively in future work.

For noise evaluation, additive white Gaussian noise was applied to raw test signals before

CEEMDAN was rerun. Noise power followed 10

noise 10SNRsignalP P . Five model seeds were

paired one-to-one with five noise seeds, and all training data remained clean. For NT-Xent,

accuracy/macro-F1 fell from 99.16/99.15% on clean data to 17.56/6.13% at 12 dB. Values remained

near chance at all lower SNRs.

Both protocols approached chance-level accuracy at 12 dB, indicating sensitivity rather than

robustness to additive noise. Macro-F1 remained substantially lower because predictions

concentrated in a subset of classes. Gaussian noise does not reproduce wave impact, hull vibration,

propeller excitation, speed variation, sensor remounting, or domain shift. This test therefore

identified a failure boundary but did not establish real-marine performance.

Fig. 10 compares accuracy and macro-F1 across the four training fractions for the matched NT-

Xent and supervised-only protocols. The error bars represent variation across paired seeds and show

whether the difference depends on data availability.

Fig. 10 Reduced-data comparison of NT-Xent pre-training

Fig. 11 reports accuracy and macro-F1 when additive white Gaussian noise is applied to the

raw test signals. It shows whether the clean-trained model retains discriminative performance as the

signal-to-noise ratio decreases.
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Fig. 11 Additive-noise sensitivity of the proposed Cross-Attention architecture trained on

clean data.

3.7 Training Process and Pre-training Stage Description

The NT-Xent protocol contained a self-supervised pre-training stage followed by supervised

fine-tuning.

(1) Self-supervised pre-training stage

During the first 10 epochs, the encoder and projection headwere optimized with NT-Xent using

augmented training views. The classifier was not used during this stage.

(2) Supervised fine-tuning stage

After pre-training, the projection head was removed. The encoder and classifier were then

optimized jointly with cross-entropy for 50 epochs. Validation macro-F1 selected the best

checkpoint.

The two-stage protocol provided an alternative initialization to 60-epoch supervised-only

training. Both protocols executed 3,960 optimizer updates and used the same 803,782-parameter

encoder/classifier. NT-Xent processed 147,000 encoder input views, compared with 126,000

supervised samples. It required 198.3 ± 14.7 s and 1.08 GiB peak memory, compared with 188.2 ±

6.3 s and 0.64 GiB. Equal epoch and update counts therefore did not imply equal computation. The

additional cost was not accompanied by a stable accuracy benefit.

4 Conclusions

This study constructed a CEEMDAN-CNN-BiLSTM-Cross-Attention framework and

evaluated ordinary instance-level NT-Xent for six diesel-engine health states under one fixed

operating condition. Three main conclusions are listed as follows.

(1) The framework integrated multiscale CEEMDAN components, CNN-derived local

transients, and BiLSTM-derived within-cycle context through unidirectional Cross-Attention. The
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configuration with eight retained IMFs achieved the highest validation macro-F1 (99.33 ± 0.39%).

The complete framework with NT-Xent pre-training achieved 99.16 ± 0.40% accuracy and 99.15 ±

0.40% macro-F1 on clean test data. A five-fold block evaluation yielded 99.07 ± 0.32% for both

metrics, supporting consistency within the acquisition run.

(2) Paired seeds and nested ablations were used to separate overall framework performance

from incremental component effects. The Cross-Attention model scored 0.49 percentage points

lower than the without-attention model (p = 0.207). The without-attention model scored 0.13

percentage points higher than the CNN-only model (p = 0.374). Neither comparison established a

reliable component benefit under the clean fixed operating condition.

(3) Ordinary NT-Xent increased clean-test accuracy by +0.09 percentage points relative to

supervised training alone (p = 0.825). It performed significantly worse at training-data fractions of

1%, 5%, and 10%, and showed no detectable difference at 100%. Class-level false negatives provide

a plausible explanation for this reduced-data failure. The accuracy of the clean-trained model also

fell to 17.56% at 12 dB and remained near chance at lower SNRs.

Overall, the scope of this work is limited to feasibility validation under fixed laboratory

operating conditions, as all experimental data were collected from one engine and a single

acquisition session at a constant speed and load. Confusion matrices and t-SNE projections remain

qualitative clean-data diagnostics. Generalization to different operating conditions, independent

sessions, other engines, and real marine environments remains to be validated in future studies.
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