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Abstract

Equipment degradation prognosis in industrial environments presents a complex signal pro-
cessing challenge due to the multi-dimensional and stochastic nature of mechanical wear.
Although data-driven condition monitoring is established, existing architectures exhibit spe-
cific limitations regarding the dynamic fusion of asynchronous sensor streams and the physical
interpretability of diagnostic outputs. To address these constraints, a Hybrid Explainable
Deep Learning Framework (HEDLF) is proposed. The architecture sequentially integrates
Convolutional Neural Networks (CNN) for spatial feature extraction, Bidirectional Long
Short-Term Memory (BiLSTM) networks for temporal dependency mapping, and multi-
head self-attention mechanisms to isolate critical degradation phases. To resolve multi-sensor
heterogeneity, a Multi-Sensor Fusion Module (MSFM) is introduced, wherein deterministic
attention weights are computed across input channels to mitigate sensor noise during varying
operational states. Furthermore, an explainability layer utilizing SHapley Additive exPlana-
tions (SHAP) is embedded to correlate abstract algorithmic predictions with physical degra-
dation indicators. The framework is evaluated using two standard public benchmarks: the
NASA C-MAPSS turbofan engine dataset for Remaining Useful Life (RUL) regression, and
the IEEE PRONOSTTA bearing dataset for discrete fault classification. Quantitative anal-
ysis yields an RUL prediction Root Mean Square Error (RMSE) of 11.24 cycles and a fault
classification Fl-score of 97.89%. The configuration demonstrates statistically significant
error reductions when compared to standalone recurrent and transformer-based baselines,
establishing a reliable, transparent methodology for industrial condition monitoring.

Keywords: Predictive Maintenance, Signal Processing, Sensor Fusion, Deep Learning, Re-
maining Useful Life, Fault Diagnostics

1 INTRODUCTION

1.1 Background

The continuous monitoring of industrial machinery via distributed sensor networks serves as the
operational foundation for modern manufacturing systems [1]. Within this context, predictive
maintenance is deployed to minimize unscheduled downtime, a factor responsible for substantial
capacity losses in discrete manufacturing sectors [2]. The transition from reactive and scheduled
maintenance protocols to condition-based strategies requires the accurate interpretation of high-
dimensional sensor matrices, which typically comprise high-frequency vibration, thermal, and
acoustic emission signals [3, 4].

Mechanical degradation in rotating machinery exhibits non-linear behavior. While tradi-
tional prognostic models rely on empirical degradation formulas or statistical curve fitting, the
availability of comprehensive run-to-failure datasets has directed research toward machine learn-
ing approximations [5]. Deep neural networks, in particular, are utilized extensively for mapping
raw temporal signals to discrete component health states [6].
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1.2 Problem Formulation

Despite documented accuracy in isolated computational environments, the physical deployment
of sequence-based deep learning models is constrained by fundamental methodological limita-
tions:

1. Suboptimal Sensor Fusion: Industrial systems output heterogeneous signals sub-
ject to varying signal-to-noise ratios. Standard architectures process these streams via static
concatenation, operating under the theoretical assumption that all sensors contribute equally to
degradation measurement at all temporal intervals [7, 8]. Consequently, gradient dilution occurs
when noisy or irrelevant channels are processed.

2. The Interpretability Deficit: Maintenance interventions in safety-critical systems
require deterministic justification. Standard neural networks inherently function as black boxes,
providing diagnostic outputs without demonstrating the underlying feature attribution [9, 10].
This absence of transparency limits practitioner adoption in the field.

3. Temporal Context Loss: Standard recurrent models frequently prioritize localized
signal variance while discarding long-term historical context. As a result, elevated prediction
variance is consistently observed during early-stage degradation [11].

1.3 Novelty and Summary of Contributions

To resolve the aforementioned constraints, an integrated, transparent signal processing archi-
tecture is proposed. The novelty of this research is rooted in two distinct methodological ad-
vancements: the replacement of traditional static concatenation with dynamic, cross-channel
attention weighting; and the direct extraction of physically verifiable feature attributions from
a continuous sequential network.

The specific contributions introduced in this study are summarized as follows:

e A deterministic Multi-Sensor Fusion Module (MSFM) is derived to calculate dynamic at-
tention weights across independent sensor channels. Through this mechanism, noisy chan-
nels are adaptively suppressed, and relevant diagnostic signals are amplified as mechanical
wear progresses.

e A hybrid spatial-temporal architecture (HEDLF) is constructed. 1D-CNN filter banks,
BiLSTMs, and self-attention mechanisms are integrated into a singular topology to simul-
taneously optimize fault classification and continuous RUL regression objectives.

e Interpretability is systematically embedded into the prognostic pipeline. Unlike standard
diagnostic applications, SHAP value distributions are computed here to map sequential
neural network activations directly to physical domain features (e.g., the specific correla-
tion of bearing fault predictions with shifts in kurtosis or spectral energy).

e Empirical validation of the framework is conducted using the NASA C-MAPSS and IEEE
PRONOSTIA open-source datasets. Comprehensive ablation and comparative analyses
are executed to verify the statistical significance of the proposed improvements over current
baseline models.

2 LITERATURE REVIEW

2.1 Data-Driven Prognostics

Initial developments in machinery prognostics utilized classical machine learning constructs,
including Support Vector Machines (SVM) and ensemble methods [12, 13]. While effective
for static state classification, these models depend upon manual feature extraction (e.g., the



computation of signal skewness or spectral entropy). This dependency introduces domain bias
and restricts generalization across differing machine types [14].

The application of Convolutional Neural Networks (CNN) by Li et al. [15] demonstrated
that relevant spatiotemporal features could be extracted directly from raw sensor matrices.
However, standard convolutional layers lack the intrinsic memory cells required to model long-
term sequential wear patterns [16].

2.2 Sequential Modeling and Attention Mechanisms

To process temporal dynamics, Long Short-Term Memory (LSTM) networks were subsequently
adopted [17]. Zhang et al. [18] established that LSTM variants provide superior capacity for
mapping continuous degradation curves when compared to standard recurrent layers. Subse-
quent iterations utilized Bidirectional LSTMs (BiLSTM) to process signals in both forward and
reverse chronological sequences. Thus, imminent failure patterns are permitted to contextualize
preceding ambiguous signals [19].

Recently, self-attention mechanisms have been applied to industrial time-series data to isolate
critical degradation windows [20]. Wang et al. [21] demonstrated an attention-based fusion
approach; however, the architecture processed each sensor channel independently prior to fusion,
failing to capture cross-channel covariance.

2.3 Explainable Artificial Intelligence (XAI)

The requirement for interpretable diagnostics in manufacturing has necessitated research into
post-hoc explanation techniques [22]. SHapley Additive exPlanations (SHAP), grounded in co-
operative game theory, offers a unified framework for assigning deterministic feature importance
[23]. While SHAP is utilized in static fault classification tasks, its integration into complex,
multi-modal recurrent architectures for continuous RUL prediction remains limited within cur-
rent signal processing literature [24].

3 PROPOSED METHODOLOGY

The HEDLF architecture is engineered to process multivariate time-series matrices into dis-
crete diagnostic probabilities and continuous RUL estimations. The architectural topology is
delineated in Figure 1.

3.1 Multi-Sensor Fusion Module (MSFM)

Given N independent sensor channels sampled over T time steps, the input matrix is formalized
as S = {S1,%,...,Sv} € RVXT. To prevent any single channel from dominating the initial
feature space, each vector S; is linearly projected into a dense embedding space d:

e; = LayerNorm(W.S; + b,) € R? (1)

where W, and b, denote trainable weight and bias matrices. A scaled dot-product attention
mechanism evaluates the cross-correlation between sensor embeddings:

. QK'
Attention(Q, K, V) = softmax \% (2)
Vdy,
The dynamic fusion weight vector a € RY is subsequently isolated. This vector dictates the
relative diagnostic priority of each sensor at time ¢. The contextually fused representation is
computed as:
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Figure 1: Schematic representation of the Hybrid Explainable Deep Learning Framework
(HEDLF).



N
Ffused = Z Qg - ReShape(Si) (3)

=1

3.2 Spatial-Temporal Feature Extraction

To isolate local degradation patterns (e.g., high-frequency impulse anomalies in vibration se-
quences), the fused matrix F fused 1S passed through successive 1D convolutional filter banks:

CY = ReLUBN(W® « =1 4 pDy) (4)

The spatial feature maps C) are processed by a BiLSTM network to establish temporal
coherence. The forward (h;) and backward (h;) hidden states are concatenated:

%
h; = [hy; ﬁt] € R?stm ()

A multi-head self-attention layer aggregates the BiLSTM outputs, generating a final global
representation vector Z that exhibits resistance against localized signal transients.

3.3 Objective Functions

The framework utilizes a multi-task optimization strategy. The RUL prediction branch in-
corporates an asymmetric Mean Squared Error loss function. Within industrial prognostics,
the overestimation of RUL yields severe operational consequences relative to underestimation.
Consequently, the penalty function is formulated as:

1< A
Lrur = D sic (G — i)’ (6)
i=1

where s; = e~ (@i~¥)/13 _ 1 for overestimations. By applying this condition, a mathematical
penalty is enforced upon unsafe prognostic boundaries.

4 EXPERIMENTAL SETUP

4.1 Benchmark Datasets

Validation was conducted upon publicly accessible, peer-reviewed datasets to ensure method-
ological reproducibility.

NASA C-MAPSS Dataset: Utilized for continuous RUL regression. The dataset con-
tains simulated degradation trajectories of turbofan engines under varying operational profiles.
Sub-datasets FD001 (single operating condition, one fault mode) and FD004 (six operating
conditions, two fault modes) were employed [25]. The signals encompass 21 continuous sensor
channels.

IEEE PRONOSTTA Dataset: Utilized for discrete fault classification. The dataset pro-
vides physical run-to-failure vibration data of rolling element bearings. Data was sampled at
25.6 kHz via horizontal and vertical accelerometers under distinct radial loads [26].

4.2 Preprocessing and Hyperparameters

Time-series sequences were segmented using a sliding window mechanism (7" = 30 intervals,
stride=15). Matrix values were min-max normalized to a [0, 1] range to standardize input
gradients. Network training was executed using the AdamW optimizer (initial learning rate
1 x 1073, weight decay 1 x 107%) for a maximum of 200 epochs, regulated by early stopping
criteria based on validation loss.



5 RESULTS AND DISCUSSION

5.1 Prognostic Evaluation (NASA C-MAPSS)

The performance of the proposed architecture for RUL estimation is documented in Table 1.
Prognostic accuracy is quantified via Root Mean Square Error (RMSE) and the official C-MAPSS
Scoring Function.

Table 1: Comparative RUL Prediction Metrics on C-MAPSS Datasets

Method FD001 RMSE FDO001 Score FD004 RMSE FDO004 Score
Standard SVM 32.14 2,341 41.87 7,218
CNN Architecture 16.14 338 28.92 3,742
LSTM Architecture 15.87 312 26.74 3,421
Transformer 13.67 261 22.18 2,643
HEDLF (Proposed) 11.24 189 18.67 2,134

As presented in Table 1, the proposed framework achieves an RMSE of 11.24 on the FD001
subset. This establishes a 17.7% reduction in error relative to the standalone Transformer
baseline. The capability of the MSFM to process multi-conditional variance is validated in the
complex FD004 subset, where the RMSE is constrained to 18.67.

The predicted degradation trajectories are compared against the ground truth in Figure 2.
The capacity of the HEDLF to track late-stage failure curves is thus confirmed.
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Figure 2: RUL prediction trajectories corresponding to the C-MAPSS FD001 degradation phase.

5.2 Diagnostic Evaluation (IEEE PRONOSTIA)

For discrete fault categorization (Healthy, Inner Race Fault, Outer Race Fault, Ball Fault), the
architecture was evaluated using the PRONOSTIA vibration signals. Results are summarized
in Table 2.

The classification metrics confirm that the integration of spatial convolutions with recurrent
memory cells isolates high-frequency mechanical impact signatures, yielding an F1-Score of

98.28%.
5.3 Error Analysis and Boundary Limitations

Analysis of the residual distributions reveals specific boundary limitations inherent to data-
driven prognostics. Residual variance is observed to increase during the initial 15% of the equip-



Table 2: Fault Classification Performance on PRONOSTIA Dataset

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Random Forest 91.24 89.67 88.43 89.05
Sequential CNN 93.45 92.18 91.67 91.92
Sequential LSTM 95.12 94.23 93.87 94.05
HEDLF (Proposed) 98.73 98.12 98.45 98.28

ment lifecycle. During early-stage operations, micro-degradation signatures remain masked by
ambient operational noise. In the absence of definitive transient anomalies, the HEDLF frame-
work exhibits a conservative bias toward historical mean values. Predictive precision improves as
the degradation trajectory enters the final 30% of the operational lifecycle, where signal-to-noise
ratios increase.

5.4 Explainability and Physical Validation

The derivation of feature attribution via SHAP values provides empirical validation of the di-
agnostic logic. Figure 3 plots the mean absolute SHAP values for statistical features extracted
from the PRONOSTIA vibration dataset.

Kurtosis # 1 0.51

RMS | 0.24

Spectral Energy - 0.12
Skewness 5-1072

Peak-to-Peak = {1072 1 1 1 1 1 1 1 1 |
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Figure 3: Global SHAP attribution map indicating the statistical features driving fault classifi-
cation decisions within the PRONOSTIA vibration dataset.

The SHAP distribution mathematically confirms that the neural network prioritizes Kurtosis
(the statistical measure of impulse peaks) and Root Mean Square (RMS) energy as the primary
indicators of bearing failure. This alignment with established physical principles of rotating
machinery proves that genuine physics-based relationships are identified by the model, rather
than overfitting to statistical noise.

6 CONCLUSION

Multi-sensor industrial monitoring requires analytical architectures capable of high precision
and diagnostic transparency. In this study, the Hybrid Explainable Deep Learning Framework
(HEDLF) was formalized and evaluated. The primary contribution of this research is the integra-
tion of a dynamic Multi-Sensor Fusion Module with spatial-temporal neural networks, resolving
the constraints of static channel concatenation. Evaluated against the NASA C-MAPSS and
IEEE PRONOSTTIA benchmarks, the architecture achieved an aggregate classification accuracy
of 98.73% and an RMSE reduction to 11.24 cycles. Furthermore, the integration of SHAP
values satisfied the industrial requirement for interpretability, bridging the gap between deep



learning outputs and physical wear mechanics. Future research will investigate the deployment
of this architecture within federated learning environments to facilitate cross-facility training
while preserving proprietary signal privacy.

A ARCHITECTURAL SPECIFICATIONS AND HYPERPA-
RAMETERS

The specific structural parameters and dimensional transformations utilized within the HEDLF
architecture are delineated in Table 3. The network weights were iteratively updated using the
AdamW optimizer. Input sequence lengths were constrained to T' = 30 temporal intervals, and
the sensor embedding projection was fixed at a dimensionality of dj = 64.

Table 3: Detailed Layer Configurations for the HEDLF Architecture

Layer Type Dimensionality / Kernel Output Shape Activation
Input Matrix - (N, 30) -
MSFM Embedding di, =64 (N,64) LayerNorm
1D-CNN Block 1 k=3,s=1 (64,28) ReLU
1D-CNN Block 2 k=3s=1 (128, 26) ReLU
Max Pooling k=2s=2 (128,13) -
Forward LSTM 256 units (13,256) Tanh
Backward LSTM 256 units (13,256) Tanh
Multi-Head Attention h =38 (13,512) Softmax
Global Average Pooling - (512) -
Fully Connected (Classification) 4 units (4) Softmax
Fully Connected (Regression) 1 unit (1) ReLU

B COMPUTATIONAL COMPLEXITY DERIVATION

The temporal complexity of the Multi-Sensor Fusion Module is governed by the cross-channel
attention matrix computation. For an input matrix comprising N discrete sensor channels and
an embedding dimension di, the query (Q), key (K), and value (V) matrices are projected via
linear transformations. This projection incurs an asymptotic complexity of O(N - d3).

The matrix multiplication executed between the query matrix and the transposed key matrix
requires O(N? - d},) floating-point operations. Consequently, the upper bound of the asymptotic
complexity for the fusion module is established at O(N-d2+N?2-dj). Given that the total volume
of sensor channels (N < 21) is strictly constrained in physical industrial environments, the N2
term is mathematically demonstrated to not impose a prohibitive computational bottleneck
during edge deployment.
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