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Abstract

Intelligent fault diagnosis of rotating machinery has achieved remarkable success under laboratory conditions, yet
real-world industrial deployments continue to face critical performance limitations: existing diagnosis approaches
degrade substantially under low signal-to-noise ratio (SNR) conditions, fail to generalize across varying operating
conditions due to data distribution shifts, and provide limited interpretability that restricts engineering trust and
deployment acceptance. Existing ante-hoc and post-hoc interpretable diagnosis approaches have largely been
studied in isolation, preventing synergistic benefits from their combination. To address these interconnected
challenges, this paper proposes MTLD-CS, a Multi-Task Deep Learning-based Fault Diagnosis framework that
effectively integrates the advantages of interpretable classification and sparse fault feature segmentation within a
unified multi-task learning objective. MTLD-CS comprises three key modules: (1) a feature extraction module
incorporating a wavelet pooling layer alongside residual blocks and dense atrous convolution blocks that facilitate
multi-level feature representation learning robust to noise; (2) a sparse segmentation module that enhances fault
feature identification through feature decoding blocks and a class-weighted Lovasz-softmax loss function
optimized for sparse fault signal patterns; and (3) an interpretable fault diagnosis module that combines ante-hoc
interpretability with class activation mapping to provide both accurate fault classification and physically
meaningful fault localization. The multi-task joint training objective synergistically optimizes classification
accuracy and segmentation precision through a weighted combination of cross-entropy classification loss and
class-weighted Lovasz-softmax segmentation loss. Experimental evaluation on the Case Western Reserve
University (CWRU) bearing dataset and an additional industrial planetary gearbox dataset demonstrates that
MTLD-CS achieves 97.6% fault classification accuracy at 0 dB SNR, 89.8% at -4 dB SNR, and 82.4%
segmentation loU, outperforming five state-of-the-art deep learning baselines. Cross-condition evaluation
confirms 88.9% accuracy on unseen operating conditions, demonstrating substantially better domain
generalization than non-adaptive alternatives.

Keywords: multi-task deep learning; waveform segmentation; fault diagnosis; wavelet pooling; Lovasz-softmax;
interpretable classification; domain adaptation

1. Introduction

Rotating machinery---including bearings, gearboxes, motors, and turbines---forms the mechanical foundation of
industrial production systems across manufacturing, energy generation, aerospace, and transportation sectors [1,2].
Unscheduled machinery failures impose substantial economic and safety costs: bearing failures alone are
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estimated to account for 40-50% of all rotating machine failures, contributing to significant production downtime,
maintenance expenses, and in severe cases, safety incidents [3,4]. Condition monitoring and fault diagnosis aim to
detect incipient fault development before catastrophic failure, enabling planned maintenance interventions that
minimize downtime while maintaining equipment reliability [5,6].

The evolution of intelligent fault diagnosis has progressed through three methodological generations. First-
generation signal processing approaches (FFT, wavelet transform, envelope analysis) extract hand-crafted features
from vibration signals that require expert knowledge of machinery dynamics and fault physics [7,8]. Second-
generation machine learning approaches (SVM, k-NN, random forest) learn diagnostic classifiers from hand-
crafted features, reducing but not eliminating the need for domain expertise [9,10]. Third-generation deep learning
approaches learn end-to-end fault representations directly from raw signals, achieving state-of-the-art performance
on standard benchmarks and substantially reducing feature engineering requirements [11,12].

Despite the impressive benchmark performance of deep learning diagnosis methods, two persistent limitations
restrict practical industrial deployment. The robustness limitation arises from the signal corruption that
characterizes real industrial environments: background vibration from adjacent machinery, electromagnetic
interference, and installation-related signal attenuation create SNR conditions as low as -10 dB in some industrial
settings [13,14]. Standard deep learning models trained on clean laboratory data degrade precipitously under these
noise conditions, with accuracy drops of 20-30 percentage points documented at -4 dB SNR [15]. The
interpretability limitation arises from the black-box nature of deep neural networks, which prevents maintenance
engineers from understanding why a fault diagnosis was made, verifying the diagnosis against physical machinery
knowledge, or building confidence in model predictions for safety-critical applications [16,17].

Interpretability research in fault diagnosis has bifurcated into ante-hoc approaches (interpretable-by-design
architectures such as attention mechanisms and prototype networks) and post-hoc approaches (retrospective
explanation methods such as SHAP, LIME, and class activation mapping applied to trained black-box models)
[18,19]. Both paradigms have been applied separately to fault diagnosis, but their independent development has
prevented the synergistic benefits of combining structured interpretability from ante-hoc design with granular
feature attribution from post-hoc analysis. Furthermore, the existing approaches fail to leverage the fault-relevant
information embedded in the temporal waveform structure---specifically, the sparse, impulse-like fault signatures
that characterize bearing defect and gear tooth crack signals---as an additional learning signal that complements
the classification objective [20,21].
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Figure 1. MTLD-CS architecture: three integrated modules -- feature extraction (wavelet pooling + residual + dense atrous
c ion), sparse seg ation (Lovasz-softmax), and interpretable fault diagnosis -- trained jointly via multi-task learning.
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Figure 1. MTLD-CS framework: three integrated modules -- feature extraction (wavelet pooling + residual + dense atrous
convolution blocks), sparse segmentation (feature decoding + Lovasz-sofimax), and interpretable diagnosis -- jointly trained
via multi-task loss.

2. Related Work

2.1 Deep Learning for Vibration-Based Fault Diagnosis

Convolutional neural networks (CNNs) were among the first deep architectures to achieve compelling results on
vibration-based fault diagnosis, with early work by Janssens et al. [22] and Zhang et al. [23] demonstrating that
CNN s applied to time-frequency representations outperform traditional feature-based approaches. Wide-kernel
deep CNN (WDCNN) architectures [24] use large first-layer kernels to suppress high-frequency noise while
preserving fault-characteristic frequency content, providing inherent noise robustness. Multi-scale CNN (MSCNN)
architectures [25] process vibration signals at multiple temporal resolutions simultaneously, capturing both high-
frequency impulsive fault signatures and low-frequency amplitude modulation patterns that characterize different
fault types. Residual connections [26] enable training of very deep networks without degradation, and their
application to fault diagnosis in ResNet-based architectures has achieved competitive performance on standard
benchmarks. Attention mechanisms [27] applied to diagnostic feature maps provide implicit feature selection that
improves performance on multi-fault scenarios where different fault types activate different frequency bands.

2.2 Sparse Signal Representations for Fault Detection

Bearing fault signals exhibit sparse impulsive characteristics: the periodic impacts of a rolling element traversing
a surface defect generate brief, high-amplitude impulses whose inter-arrival times encode the fault frequency
[28,29]. Sparse representation methods in signal processing---including sparse coding, compressed sensing, and
group sparsity regularization---have been applied to bearing fault detection to isolate the sparse impulsive
components from dense background noise [30,31]. The extension of sparse representation concepts to deep
learning architectures through sparse autoencoders and sparse convolution has been shown to improve fault
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feature extraction quality by explicitly encouraging the learned features to be sparse and interpretable [32]. The
Lovasz-softmax loss function [33], originally developed for semantic image segmentation with sparse foreground
labels, is particularly appropriate for waveform segmentation of fault signals where fault impulses constitute a
small minority of total waveform samples---precisely the class imbalance scenario where cross-entropy loss is
inadequate.

3. MTLD-CS Framework

3.1 Feature Extraction Module

The feature extraction module processes raw vibration waveforms (sampled at 12-48 kHz) through a three-
component hierarchical architecture. The wavelet pooling layer replaces standard max or average pooling with a
learned wavelet decomposition that jointly downsamples the signal while preserving fault-characteristic impulse
morphology. Specifically, the wavelet pooling layer decomposes each feature map into approximation and detail
subbands using a learnable wavelet filter bank (initialized with Daubechies db4 wavelets), and reconstructs
downsampled features from the detail coefficients that encode transient fault signatures. This mechanism provides
significant advantages over standard pooling under low-SNR conditions: max pooling selects the maximum
activation in each window (destroying sub-peak impulse structure), average pooling dilutes sparse impulse
features with background noise activations, while wavelet pooling preserves the impulse shape information
encoded in detail coefficients.

The residual blocks process the wavelet-pooled feature sequences through pairs of convolutional layers with skip
connections, enabling the extraction of multi-scale temporal patterns while preventing gradient vanishing in the
deep network. The dense atrous convolution blocks apply dilated convolutions at multiple dilation rates (d =1, 2,
4, 8) in parallel dense connections, capturing fault-related patterns at multiple temporal scales without increasing
computational cost through dilation rather than additional pooling. The multi-scale receptive field from dense
atrous convolution is particularly valuable for gearbox fault diagnosis where fault signatures span multiple
characteristic period timescales.

3.2 Sparse Segmentation Module

The sparse segmentation module produces a binary waveform segmentation map identifying the temporal
locations of fault impulses within the input vibration signal. The feature decoding blocks progressively upsample
the encoder feature representations through transposed convolution layers with skip connections from
corresponding encoder layers (U-Net style), recovering the temporal resolution lost during encoding while
incorporating both high-level semantic features and low-level impulse detail. The class-weighted Lovasz-softmax
loss addresses the severe class imbalance between fault impulse samples and background samples through two
mechanisms. The Lovasz surrogate provides a continuous, differentiable approximation to the set-based Jaccard
(IoU) metric that properly accounts for the sparse positive class, avoiding the gradient vanishing problem of cross-
entropy loss when positive samples are sparse. The class weighting assigns a weight of N_background / N_ fault to
the impulse class, further amplifying the gradient signal from the rare fault samples relative to the abundant
background samples.
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Figure 2. Diagnosis accuracy: (a) comparison across six models at 0, -2, and -4 dB SNR;
(b) per-class accuracy for five fault categories, MTLD-CS vs. best baseline.
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Figure 2. Fault diagnosis accuracy: (a) six methods compared at 0, -2, and -4 dB SNR on the CWRU dataset; (b) per-class
accuracy for five fault categories showing MTLD-CS advantage on combined fault detection.

3.3 Interpretable Fault Diagnosis Module

The interpretable fault diagnosis module integrates ante-hoc and post-hoc interpretability mechanisms. The ante-
hoc component employs a prototype-guided attention mechanism where each fault class is represented by a
learned prototype feature vector; the classification confidence for each class is computed as the negative distance
between the input feature representation and the corresponding prototype, providing a physics-grounded
explanation that diagnosis confidence reflects similarity to representative fault signatures. The post-hoc
component applies class activation mapping (CAM) to the final convolutional layer, generating a continuous
attribution map over the input waveform that identifies which temporal segments most influenced the
classification decision. The combination of prototype-based ante-hoc interpretability (which explains what the
model is looking for) and CAM post-hoc attribution (which shows where in the waveform it found it) provides
complementary interpretability dimensions that address different user questions in maintenance engineering
practice.

Figure 3 illustrates the sparse fault segmentation results alongside the raw vibration waveforms and frequency
spectra. The MTLD-CS segmentation closely matches the ground-truth fault impulse locations, accurately
identifying the periodic bearing fault impulses in the inner race fault signal with minimal false positives on the
background signal. The frequency spectrum comparison confirms the fault characteristic frequency identification:
the inner race fault frequency (computed from bearing geometry and shaft speed) corresponds to the dominant
spectral peak above the background spectrum, consistent with the temporal segmentation indicating impulses at
the expected periodicity.
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Figure 3. Signal analysis and segmentation: (a,b) normal vs. inner race fault vibration signals; (c) MTLD-CS
sparse fault segmentation vs. ground truth; (d) frequency spectrum showing fault characteristic frequency.
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Figure 3. Signal analysis: (a) normal vs. (b) inner race fault vibration signals; (c) MTLD-CS sparse segmentation vs. ground
truth showing accurate fault impulse localization, (d) frequency spectrum confirming fault characteristic frequency.

4. Experiments

4.1 Datasets and Experimental Setup

Two datasets are used for evaluation. The Case Western Reserve University (CWRU) bearing dataset [34] is the
standard benchmark for rolling element bearing fault diagnosis, containing vibration signals sampled at 12 kHz
and 48 kHz from bearings with four health conditions (normal, inner race fault, outer race fault, ball fault) at
multiple fault severity levels (0.007, 0.014, 0.021 inch diameter). The industrial planetary gearbox dataset is
collected from a test rig simulating realistic industrial gearbox operating conditions, containing five health states
(normal, sun gear tooth crack, planet gear tooth breakage, ring gear spalling, combined fault) at three operating
load conditions and three shaft speeds. Gaussian noise is added to both datasets at SNR levels ranging from -6 to
+6 dB for robustness evaluation.

Five baseline methods are compared: standard CNN, ResNet-50, WDCNN, MSCNN, and DCNN-Attention. All
models are implemented in PyTorch and trained with Adam optimizer (Ir = le-3, batch size = 64, 200 epochs).
MTLD-CS uses multi-task loss weighting alpha = 0.7 (classification) and beta = 0.3 (segmentation), determined
by cross-validation. Performance metrics include: fault classification accuracy, per-class accuracy, segmentation
IoU, and cross-condition transfer accuracy.

Figure 2 presents the fault classification accuracy comparison. MTLD-CS achieves 97.6%, 94.2%, and 89.8%
accuracy at 0, -2, and -4 dB SNR respectively, outperforming the second-best method (DCNN-Attention) by 3.5%,
5.6%, and 7.1% at the three noise levels. The advantage increases at lower SNR, confirming that the wavelet
pooling layer provides greater benefit as signal corruption severity increases. The per-class analysis reveals that
MTLD-CS provides the largest improvement for combined fault diagnosis (95.1% vs. 87.3% for DCNN-
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Attention), the most challenging fault category where multiple simultaneous fault components create complex
vibration signatures that simpler architectures struggle to decompose.

4.2 Segmentation Performance and Interpretability

MTLD-CS achieves segmentation loU = 0.824, substantially higher than the segmentation IoU of 0.712 for a
standalone segmentation model without the classification branch (confirming that joint multi-task training
improves segmentation through shared feature learning). The class activation mapping visualizations confirm that
the interpretable diagnosis module correctly localizes fault evidence at the bearing defect frequency impulse
locations identified by the segmentation module---providing consistent cross-modal interpretability where both
segmentation and CAM attribution independently point to the same waveform regions as fault-relevant.

Figure 4. Robustne: ysis: (a) let pooling accuracy advantage over max/average pooling at low SNR;
(b) MTLD-CS cross-operating-condition accuracy degradation vs. transfer learning and no-adaptation baselines.
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Figure 4. Robustness analysis: (a) wavelet pooling provides 5-10% accuracy advantage over max/average pooling at -2 to -6
dB SNR; (b) cross-condition accuracy degradation showing MTLD-CS domain adaptation retains 88.9% accuracy on unseen
conditions.

4.3 Ablation Study and Efficiency Analysis

Figure 5 presents the component ablation study and computational efficiency analysis. The ablation confirms that
each MTLD-CS component contributes independently to performance. Wavelet pooling contributes the largest
accuracy gain (+3.3 pp, from 89.4% to 92.7%) and provides meaningful classification accuracy even without fault
segmentation. Dense atrous convolution contributes a further +1.4 pp, reflecting the benefit of multi-scale
receptive fields for capturing fault patterns at multiple temporal scales. The sparse segmentation module, when
added to the classification components, contributes +1.7 pp accuracy (through shared feature learning synergy)
and provides the segmentation IoU metric that is absent in classification-only architectures. The interpretable
diagnosis module contributes a final +0.6 pp accuracy from the prototype-guided attention mechanism.

The efficiency analysis reveals a favorable efficiency-accuracy tradeoff for MTLD-CS: with 6.4M parameters
(fewer than ResNet at 11.7M and DCNN-Attention at 12.1M) and 7.8 ms inference time (faster than DCNN-
Attention at 14.2 ms), MTLD-CS achieves both higher accuracy and lower computational cost than the best-
performing baseline. The compact parameter count reflects the weight-sharing benefits of multi-task learning and
the efficient atrous convolution that expands receptive field without increasing parameters, making MTLD-CS
suitable for edge deployment on industrial computing hardware with constrained resources.
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Figure 5. Ablation and efficiency: (a) classification accuracy and segmentation loU as each MTLD-CS component
is added; (b) model parameter count and inference time for five deep learning methods.
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Figure 5. Ablation and efficiency: (a) classification accuracy and segmentation loU added incrementally as each module is
incorporated, (b) model parameters and inference time confirming MTLD-CS is more efficient than comparable-accuracy
baselines.

5. Discussion and Conclusion

The MTLD-CS framework demonstrates that the integration of sparse segmentation and interpretable
classification within a multi-task learning framework creates synergies that neither task achieves independently.
The most significant finding is the cross-task learning benefit: training with the sparse segmentation objective
substantially improves classification accuracy beyond what the classification task alone achieves, because the
segmentation loss forces the shared feature representation to encode the precise temporal locations of fault
impulses---information that is also highly discriminative for classification but not explicitly required by the cross-
entropy classification loss alone. This cross-task learning benefit is particularly pronounced for combined faults,
where the segmentation task must separately identify impulses from multiple concurrent fault sources, forcing the
feature representation to develop richer multi-component fault models than the classification task alone would
drive.

The wavelet pooling advantage at low SNR levels addresses a fundamental signal processing challenge: standard
pooling operations discard the high-frequency fault impulse morphology that contains the highest diagnostic
information density but is most vulnerable to noise corruption. By preserving impulse morphology information
through wavelet-domain subband processing, the wavelet pooling layer enables fault feature extraction in noise
regimes where standard approaches fail. The 7.1 percentage point accuracy advantage over DCNN-Attention at -4
dB SNR has direct industrial significance, as it enables reliable diagnosis in environments where prior methods
would require additional signal denoising preprocessing---reducing deployment complexity and latency.

In conclusion, MTLD-CS advances intelligent fault diagnosis by proposing a unified multi-task framework that
jointly learns sparse fault waveform segmentation and interpretable fault classification from raw vibration signals.
The framework achieves state-of-the-art accuracy (97.6% at 0 dB, 89.8% at -4 dB), strong segmentation quality
(IoU = 0.824), and good cross-condition generalization (88.9% on unseen operating conditions), while
maintaining a compact model size (6.4M parameters) suitable for industrial edge deployment. The interpretability
mechanisms provide both ante-hoc prototype-based explanations and post-hoc CAM attribution that address the
trust and acceptance barriers limiting deep learning deployment in safety-critical industrial maintenance
applications.
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