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            Abstract
          
        

        
          This study investigates cross-fault-size generalization in deep-learning-based bearing fault diagnosis. convolutional neural networks (CNNs) can achieve high accuracy in laboratory settings; however, their performance degrades when the fault size differs between training and deployment, a realistic scenario where defects increase progressively over time. Using the Case Western Reserve University (CWRU) bearing dataset, four experiments (E1-E4) were designed with small-to-medium transfer (E1: 0.1778 mm (0.007 in) → 0.3556 mm (0.014 in)), small-to-large transfer (E2: 0.1778 mm (0.007 in) → 0.5334 mm (0.021 in)), mixed training (E3), and separated validation (E4). E2 achieved the highest accuracy of 85.3 %, followed by E4, with an accuracy of 83.1 %. Notably, E3 achieved an accuracy of 67.1 %, which was 16.0 percentage points lower than that of E4, demonstrating significant negative transfer (p < 0.001). This challenges the assumption that diverse training data always improves generalization. Feature visualization using t-distributed stochastic neighbor embedding (t-SNE) confirmed that mixed training caused feature distortion with separable fault classes becoming entangled, whereas E4 maintained clearer class boundaries despite using less training data. These findings provide practical guidelines for industrial bearing diagnosis systems.

        

        
          
            초록
          
        

        
          이 연구는 딥러닝 기반 베어링 고장 진단에서 교차 결함 크기 일반화 문제를 조사한다. 합성곱 신경망(CNN)은 실험실 환경에서 높은 정확도를 달성하지만, 결함의 크기가 학습과 배치 시 다르면 성능이 저하된다. 결함이 점진적으로 성장하는 현실적 상황을 실험하기 위하여, Case Western Reserve University(CWRU) 베어링 데이터셋으로 소형 → 중형 전이(E1), 소형 → 대형 전이(E2), 혼합 학습(E3), 분리 검증(E4)의 4가지 실험을 설계하였다. 실험 결과, E2가 85.3 %로 최고 정확도를 달성했고, E4가 83.1 %로 뒤를 이었다. 특히, E3(혼합 학습, 67.1 %)은 E4보다 16.0 %p 낮은 성능을 보여 유의한 부정적 전이(p < 0.001)를 입증하였다. 이는 다양한 학습 데이터가 일반화를 항상 향상시킨다는 통상의 가정에 의문을 제기한다. t-SNE 시각화를 통해, 혼합 학습이 본래 구분 가능했던 고장 클래스들의 특징 분포를 중첩 시킴을 확인하였다. 반면, E4는 적은 학습 데이터로도 명확한 클래스 경계를 유지하였다. 이 연구는 교차 도메인 일반화에서 검증 데이터의 도메인 선택이 학습 데이터 양보다 중요함을 입증한다.
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      1.  Introduction
      Bearings are critical components in rotating machinery across manufacturing, transportation, and energy sectors. Studies indicate that bearing failures account for approximately 40 % ~ 50 % of all rotating machinery failures(1,2), making early fault detection essential for preventing catastrophic breakdowns and economic losses.

      Deep learning, particularly convolutional neural networks (CNNs), has revolutionized bearing fault diagnosis by automatically extracting discriminative features from vibration signals. Recent studies using the Case Western Reserve University (CWRU) benchmark dataset have reported classification accuracies exceeding 99 %(3), demonstrating the potential of data-driven approaches. CNN-based methods have been successfully applied to various mechanical systems, achieving high accuracy in classifying multiple fault types from time-frequency representations of sound and vibration signals(4).

      However, a critical gap exists between laboratory performance and real-world reliability. Deep learning models trained under specific conditions often fail to generalize when deployed in environments with different operating parameters. Among various domain shift factors, fault size variation represents a particularly important yet understudied challenge. In real industrial environments, bearing defects progressively grow from microscopic pitting to macroscopic spalling, meaning models trained on specific fault severities must diagnose defects at different progression stages.

      This challenge is critical for two practical reasons. First, a minute surface crack with an initial size of approximately 0.1 mm can gradually grow during operation and eventually develop into damage on the order of several millimeters, fundamentally altering the vibration signal characteristics over weeks or months(2). This progressive fault growth creates an inherent mismatch between data acquired for model training and data encountered during actual deployment. Second, this problem manifests bidirectionally: models trained on historical data containing primarily large advanced-stage defects may fail to detect subtle incipient faults at deployment, while models trained on precisely machined laboratory defects may struggle to recognize irregular, large defects that develop naturally in operational bearings. Despite this practical significance, most existing studies have treated fault size differences merely as an additional classification dimension (fault severity classification) rather than addressing them as cross-domain generalization challenges.

      Furthermore, recent studies have highlighted significant data leakage problems in CWRU benchmark evaluations. Random splitting of time-series data, which allows temporally adjacent segments to appear in both training and test sets, leads to inflated accuracy estimates not reflecting true generalization capability.

      The objectives of this research are: (1) to systematically evaluate cross-fault-size generalization through four experimental scenarios (E1-E4); (2) to demonstrate the negative transfer phenomenon where mixing hetero-geneous fault size data degrades performance; (3) to visualize feature space distortion using t-SNE analysis; and (4) to propose practical guidelines for industrial deployment.

    

    

  
    
      2. Theoretical Background
      
        2.1 Short-time Fourier Transform
        Bearing vibration signals exhibit non-stationary characteristics due to impulse events generated by localized defects(5). The short-time Fourier transform (STFT) provides time-frequency representation by applying the Fourier transform to windowed signal segments. The STFT divides signals into overlapping short frames, applies Fourier transform to each frame, and arranges results as a two-dimensional spectrogram suitable for CNN input. The Hann window provides a good balance between time and frequency resolution.

      

      
        2.2 Convolutional Neural Networks
        CNNs are architectures specialized for image-based pattern recognition(6), widely applied to bearing fault diagnosis due to their ability to automatically extract hierarchical features from spectrogram images. Through successive convolution and pooling operations, CNNs progressively extract abstract features from low-level patterns to high-level fault signatures. The final fully connected layers with softmax activation perform classification based on extracted features. This automatic feature learning capability eliminates the need for manual feature engineering, which is particularly advantageous when fault characteristics are complex or unknown(7).

      

    

    

  
    
      3. Research Methodology
      
        3.1 CWRU Bearing Dataset
        This study utilized the bearing vibration dataset from CWRU bearing data center. Defects were artificially introduced to bearing surfaces using electrical discharge machining (EDM) at three diameter sizes: small 0.1778 mm (0.007 in), medium 0.3556 mm (0.014 in), and Large 0.5334 mm (0.021 in)(3,8,9). Faults were seeded at three locations: inner race (IR), ball (B), and outer race (OR), resulting in four classes including normal condition (N). Data from the 1-horsepower motor (1772 r/min) with drive-end accelerometer (12 kHz sampling rate) was selected.

      

      
        3.2 Data Splitting Strategy
        The data splitting method significantly impacts evaluation validity(10). Random splitting of time-series data causes data leakage, where temporally adjacent segments from the same recording appear in both training and test sets, leading to artificially inflated accuracy(8). To prevent data leakage, file-based splitting was implemented. Original vibration recording files were assigned entirely to either training or test sets, ensuring complete separation.

      

      
        3.3 Experimental Design
        Four experiments (E1-E4) were designed to evaluate cross-fault-size generalization. Table 1 summarizes the experimental design.

        
          Table 1 
				
          

          
            Summary of experimental design (E1-E4) 
            [Unit: mm]

          
          

        

        
          
            
              	Exp.
              	Training
              	Validation
              	Test
              	Objective
            

          
          
            	E1
            	0.1778
            	0.1778
            	0.3556
            	Small → Medium
          

          
            	E2
            	0.1778
            	0.1778
            	0.5334
            	Small → Large
          

          
            	E3
            	0.1778 + 0.3556
            	0.1778 + 0.3556
            	0.5334
            	Mixed training
          

          
            	E4
            	0.1778
            	0.3556
            	0.5334
            	Separated validation
          

        

        

        The comparison between E3 and E4 is critical: E3 uses more training data (mixed sizes) while E4 uses validation data from a different fault size domain. This design tests whether data quantity or domain-appropriate validation leads to better generalization.

      

      
        3.4 Data Preprocessing and CNN Architecture
        Raw vibration signals were transformed into STFT spectrograms (see Figure 1) using 64-sample Hann window, 75 % overlap, and 64-point FFT. Spectrograms were converted to decibel scale and resized to 64 × 64 pixels, then normalized to [0, 1] range.

        
          
          

          Fig. 1 
				
          

          
            Representative raw vibration signals (top) and full-length STFT spectrograms (bottom) for each fault class, illustrating characteristic frequency patterns. Note: actual CNN inputs are 64 × 64 spectrograms generated from 1024-sample segments using a 64-sample Hann window with 75 % overlap
          
          

          

        

        The CNN architecture consists of three convolutional blocks (32 → 64 → 128 filters) with 3 × 3 kernels, batch normalization, ReLU activation, and 2 × 2 max pooling. Global average pooling followed by a 64-unit dense layer and 4-class softmax output completes the network. Training used Adam optimizer (learning rate 0.001), batch size 16, and early stopping with 7-epoch patience when validation loss showed no improvement. Each experiment was repeated 10 times for statistical reliability.

      

    

    

  
    
      4. Experimental Results
      
        4.1 Classification Accuracy Analysis
        Mean accuracy and standard deviation from 10 repetitions are summarized in Table 2.

        
          Table 2 
				
          

          
            Mean classification accuracy (10 runs)
          
          

        

        
          
            
              	
            

          
          
            	Experiment
            	Mean Acc. [%]
            	Min-Max
            	SD [%]
          

          
            	E1 (0.1778 mm → 0.3556 mm)
            	68.1
            	64.2-73.0
            	2.1
          

          
            	E2 (0.1778 mm → 0.5334 mm)
            	85.3
            	82.8-89.1
            	1.8
          

          
            	E3 (mixed → 0.5334 mm)
            	67.1
            	51.3-73.2
            	5.9
          

          
            	E4 (separated → 0.5334 mm)
            	83.1
            	74.3-89.2
            	4.0
          

        

        

        E2 achieved the highest mean accuracy (85.3 %), indicating that larger faults produce more distinctive signal patterns that facilitate classification even when trained on smaller faults. The 17.2 percentage point gap between E1 (68.1 %) and E2 (85.3 %) demonstrates significant transfer direction asymmetry.

        Most notably, E3 (mixed training, 67.1 %) performed 16.0 percentage points worse than E4 (separated validation, 83.1 %), despite E3 using more diverse training data. Independent samples t-test confirmed this difference is highly statistically significant (t = -6.73, p < 0.001), providing strong evidence of negative transfer (see Figure 2).

        
          
          

          Fig. 2 
				
          

          
            Classification accuracy distribution for each experiment
          
          

          

        

        This counterintuitive result demonstrates that simply combining data from different fault sizes can degrade generalization performance. E4’s superior performance suggests that using validation data from a different domain (0.3556 mm) than training data (0.1778 mm) enables model selection optimized for cross-domain generalization.

      

      
        4.2 Feature Space Visualization
        To understand the underlying causes of performance differences, t-distributed stochastic neighbor embedding (t-SNE) was applied to visualize the learned feature representations(11).

        Figure 3 presents t-SNE projections for all four experiments (E1-E4). Note that E1 uses 0.3556 mm test data while E2-E4 use 0.5334 mm test data, so direct visual comparison between E1 and the other experiments requires caution due to differing test domains. The following discussion focuses on the E3 vs. E4 comparison, which share the same 0.5334 mm test domain. The E3 feature space exhibits overlap between inner race and ball clusters, with outer race samples intruding into other class regions, while E4 shows relatively clearer cluster separation.

        
          
          

          Fig. 3 
				
          

          
            t-SNE feature space visualization (E1-E4). E1 test domain: 0.1778 mm; E2-E4 test domain: 0.5334 mm
          
          

          

        

        However, t-SNE preserves local neighborhood structure but does not faithfully reflect global distance relationships in high-dimensional space, making it difficult to determine whether observed class overlap reflects actual feature distribution distortion or visualization artifacts from dimensionality reduction. Therefore, the following class-wise accuracy comparison (Table 3) and confusion matrix analysis provide independent quantitative verification of t-SNE observations.

        
          Table 3 
				
          

          
            Class-wise accuracy comparison: E3 vs E4 (mean over 10 runs)
          
          

        

        
          
            
              	Fault class
              	E3 [%]
              	E4 [%]
              	Improvement
            

          
          
            	Normal
            	78.7
            	92.2
            	+13.5 %p
          

          
            	Inner race
            	47.0
            	73.4
            	+26.4 %p
          

          
            	Ball
            	53.1
            	75.7
            	+22.6 %p
          

          
            	Outer race
            	52.9
            	80.0
            	+27.1 %p
          

        

        

        As shown in Table 3, E4 consistently improved performance across all fault classes, with particularly dramatic improvements for inner race (+26.4 %p, from 47.0 % to 73.4 %), ball (+22.6 %p, from 53.1 % to 75.7 %), and outer race (+27.1 %p, from 52.9 % to 80.0 %). These rotating component faults exhibit complex amplitude modulation characteristics that change significantly with fault size, explaining their severe degradation under mixed training. Furthermore, confusion matrix analysis revealed that 21 % of outer race samples were misclassified as inner race in E3, while this rate decreased to 7 % in E4. This misclassification pattern arises because both faults generate similar spectral signatures from impact vibrations as rolling elements pass over the defect; when defect sizes were mixed, the model failed to distinguish these patterns, resulting in decision boundary overlap. These quantitative results independently confirm that the feature space distortion observed in t-SNE reflects actual classification degradation rather than visualization artifacts.

        Despite using only 0.1778 mm training data, the E4 model—selected through cross-domain validation using 0.3556 mm data—learned more generalizable features. This suggests that which domain the validation data represents may be more decisive for generalization performance than the quantity of training data itself.

      

    

    

  
    
      5. Discussion
      The experimental results provide clear evidence of negative transfer in fault-size heterogeneous environments(12,13). E3’s worse performance and higher variance compared to E4 indicates that data from different fault sizes may generate conflicting feature distributions that interfere with learning.

      Several mechanisms may explain this negative transfer. First, fault size influences spectral distribution of vibration signals—larger defects generate broader frequency impacts and higher amplitudes. When the model learns from mixed-size data, it may develop averaged feature representations that are suboptimal for any specific size. Second, the optimal decision boundaries for different fault sizes may conflict, causing the model to compromise between incompatible classification criteria.

      Transfer direction asymmetry is also noteworthy. The result that E1 (small-to-medium, 68.1 %) performed worse than E2 (small-to-large, 85.3 %) may appear counter-intuitive, as one might expect smaller fault size differences to yield easier transfer. However, this can be explained by bearing vibration dynamics. First, from the signal-to-noise ratio (SNR) perspective, 0.5334 mm large faults produce more pronounced characteristic frequency amplification patterns (BPFO, BPFI, BSF) than 0.3556 mm medium faults, making them easier for models trained on small faults to recognize. Second, small faults generate narrowband energy concentrated around specific characteristic frequencies, while large faults distribute energy across broader frequency bands due to increased contact mechanics nonlinearity. The 0.3556 mm medium fault occupies an intermediate spectral position with high similarity to small fault patterns, making it difficult to distinguish, whereas 0.5334 mm large faults produce qualitatively different spectral patterns that are paradoxically easier to classify. Third, larger defects allow rolling elements to generate multiple impacts per revolution as they enter and exit the damage zone, providing richer diagnostic information in the spectrum. In summary, transfer performance is governed not by the absolute magnitude of fault size difference, but by the qualitative distinctiveness of spectral signatures(2,5).

      These findings have important consequences for AI-based fault diagnosis systems in industrial environments(14). In real predictive maintenance scenarios, the distribution of fault progression stages differs between training and deployment—models trained on specific fault severities must diagnose defects at various stages of degradation.

      Based on our findings, the following strategies are suggested: (1) validation data domain design: validation data should represent deployment scenarios rather than matching training data distribution. (2) caution with mixed data: rather than simply combining data from different fault sizes, consider domain-specific learning approaches. (3) performance gap awareness: models achieving over 99 % accuracy in training may perform significantly worse in actual deployment.

    

    

  
    
      6. Conclusion
      This study investigated cross-fault-size generalization in deep learning-based bearing fault diagnosis and demonstrated the negative transfer phenomenon through systematic experiments.

      The main findings are summarized as follows. First, larger fault sizes produced more distinctive signal patterns, with E2 (small → large transfer) achieving the highest accuracy of 85.3 %.

      Second, mixed training (E3) performed 16.0 percentage points worse than separated validation (E4), demonstrating statistically significant negative transfer (p < 0.001). This challenges the assumption that more diverse training data always improves generalization.

      Third, t-SNE visualization supplemented by class-wise accuracy analysis and confusion matrix patterns confirmed that mixed training causes feature space distortion where originally separable fault classes become entangled. In particular, outer race to inner race misclassification decreased from 21 % (E3) to 7 % (E4), providing quantitative evidence that separated validation maintains clearer class boundaries.

      Fourth, validation data domain selection proved more important than training data quantity for cross-domain generalization.

      These findings provide practical guidelines for developing robust bearing diagnosis systems in industrial environments where fault sizes inevitably vary during equipment lifecycle. Future research should explore domain adaptation methods specialized for fault size variation and curriculum learning strategies(15). Additionally, systematic feature space analysis using PCA-based visualization and quantitative clustering metrics such as Silhouette score and Davies-Bouldin index would provide more rigorous characterization of feature distribution changes across different training configurations.
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