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ABSTRACT: Manual inspection of onba earing casting defects is not realistic and unreliable, particularly in the case
of some micro-level anomalies which lead to major defects on a large scale. To address these challenges, we propose
BearFusionNet, an attention-based deep learning architecture with multi-stream, which merges both DenseNet201
and MobileNetV2 for feature extraction with a classification head inspired by VGG19. This hybrid design, figuratively
beaming from one layer to another, extracts the enormity of representations on different scales, backed by a pre-
preprocessing pipeline that brings defect saliency to the fore through contrast adjustment, denoising, and edge
detection. The use of multi-head self-attention enhances feature fusion, enabling the model to capture both large and
small spatial features. BearFusionNet achieves an accuracy of 99.66% and Cohen’s kappa score of 0.9929 in Kaggle’s
Real-life Industrial Casting Defects dataset. Both McNemar’s andWilcoxon signed-rank statistical tests, as well as five-
fold cross-validation, are employed to assess the robustness of our proposed model. To interpret the model, we adopt
Grad-Cam visualizations, which are the state of the art standard. Furthermore, we deploy BearFusionNet as a web-
based system for near real-time inference (5–6 s per prediction), which enables the quickest yet accurate detection with
visual explanations. Overall, BearFusionNet is an interpretable, accurate, and deployable solution that can automatically
detect casting defects, leading to significant advances in the innovative industrial environment.
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1 Introduction
Diagnosing casting defects in bearings is considered an essential yet error-prone activity in industrial

manufacturing, often leading to unnoticed defects, expensive failures, and lower product quality [1].
Elements inmotion, such as rolling bearings, cause nearly 40%of the breakdowns recorded by electricmotors
and are highly susceptible to this kind of problem [2]. By discovering these problems at an early stage, it
becomes possible to maintain the motors accordingly, resulting in less downtime and increased reliability of
the machines. Traditional methods for fault detection, such as vibration analysis, motor current signature
analysis (MCSA), and acoustic emission monitoring, often fail to identify minor defects like micro-cracks,
small holes, and surface porosities, despite their troublesome conditions and noise [3,4]. Fig. 1 shows typical
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casting defects found in bearings, such as flash, small holes and cracks, which can be used as definite visual
aids in identifying the nature of defects that will cause inaccurate defect detection.

Figure 1: Common casting defects in bearings: flash, small holes, and cracks

Recent advancements in deep learning, particularly in convolutional neural networks (CNNs), have
highlighted the potential for automating defect detection in industrial systems. However, a notable limitation
of these models is their performance in identifying fine defects and their lack of interpretability an
essential factor in high-stakes environments [5]. For example, CNNs trained on spectrograms have achieved
classification accuracies exceeding 99% on specific datasets [6]. Nonetheless, their practical application in
real-world industrial settings is limited by high computational costs and unclear decision-making processes.
Additionally, while current attentionmechanisms aid in feature extraction, they often struggle to capture the
multi-scale information necessary for accurately localizing defects across various types and textures [7].

To address the challenges in defect recognition for bearing castings, we propose BearFusionNet, a hybrid
deep-learning architecture designed to improve detection accuracy. BearFusionNet combines DenseNet201
andMobileNetV2, incorporatingmulti-head self-attention (MHSA)modules to separate and extract features
from input images effectively. The model’s multi-stream attention capabilities enable it to pinpoint critical
regions with subtle or overlapping defects accurately, enhancing detection performance. Additionally, we
utilize Grad-CAM for visualization, which provides interpretable insights into the model’s decision-making
process, ensuring transparency for practical applications in real-world settings.

The key contributions of this work are as follows:

• Multi-HeadAttentionMechanism: By integrating aMulti-HeadAttentionmechanism into a pre-trained
model framework, we enhance the detection of subtle defects.This integration enables themodel to con-
sider multiple relevant features simultaneously, thereby improving the quality of feature representation.

• Deep Feature Fusion: We introduce a novel deep feature fusion architecture that merges DenseNet201
andMobileNetV2 with the fully connected layers of VGG19. Incorporating multi-scale features through
Multi-Head Self-Attention (MHSA) significantly improves defect classification performance, particu-
larly for complex and overlapping defects.

• Improved Accuracy and Reduced Misclassification: Our approach achieves an accuracy of 99.66% with
only two misclassifications on the Kaggle Real-Life Industrial Dataset of Casting Product Defects. This
demonstrates the effectiveness of our method in defect detection, even under challenging conditions.

• Model Explainability: We employ Grad-CAM visualization techniques to provide interpretable insights
into the model’s decision-making process. This is a crucial aspect of industrial applications that
necessitate transparency and trust in predictive outcomes.

• Real-Time Testing Deployment: To enhance the practical application of themodel in quality control and
predictive maintenance, we have deployed it as a web application. This allows for real-time testing and
performance evaluation on new and unseen defect samples.
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BearFusionNet outperforms existing models in terms of both classification accuracy and interpretabil-
ity, positioning it as a robust alternative for industrial defect detection applications. This innovative
hybrid architecture, featuring sophisticated preprocessing techniques and design elements optimized for
explainability, ensures high accuracy and transparency essential attributes for real-time industrial settings.
We also present a robust image preprocessing pipeline that utilizes Contrast-Limited Adaptive Histogram
Equalization (CLAHE), non-local means denoising, and Canny edge detection. Future research will aim to
expand the training dataset for themodel, enhance its computational efficiency, and evaluate its performance
across various industrial environments.These efforts will contribute to refining the model’s applicability and
effectiveness in practical scenarios.

2 Literature Review
Bearing fault detection plays a crucial role in predictive maintenance and ensures the reliability of

industrial machinery. This section examines traditional signal-based methods, explores advancements in
deep learning for defect detection, and analyzes attention-based architectures and hybrid approaches [8–10].
It highlights their limitations, which inspire the development of our proposed BearFusionNet framework.

2.1 Conventional Signal-Based Techniques
Traditional fault diagnosis relies heavily on analyzing vibration or current signals in both the time and

frequency domains [11,12]. Time-domain features, such as Root Mean Square (RMS), kurtosis, and crest
factor, effectively identify significant anomalies, but they often miss micro-defects. In contrast, frequency-
domain techniques, including Fast Fourier Transform (FFT) and envelope analysis, help isolate specific
fault frequencies (e.g., BPFO, BPFI) [13,14]. However, they are sensitive to noise and rely on stationary
assumptions. More advanced time-frequency methods, such as Short-Time Fourier Transform (STFT) [15],
Empirical Mode Decomposition (EMD) [16], andWavelet Packet Transform (WPT) [17], improve the local-
ization of transient events in non-stationary conditions.However, these approaches still require expert-tuned
thresholds and face challenges with scalability in real-world factory environments.

2.2 Machine Learning and Deep Learning Methods
Researchers typically use handcrafted feature extraction techniques like Principal Component Analysis

(PCA) and mutual information in conventional machine learning pipelines [18–20]. They then apply
classifiers such as Support Vector Machine, K-Nearest Neighbor, or Random Forest [21]. While these
methods prove effective, they show limited adaptability to new defect types and variations in operational
conditions [22]. In contrast, deep learning models, especially convolutional neural networks (CNNs)
trained on spectrograms or envelope signals, achieve accuracy rates exceeding 99% on benchmark datasets
like CWRU [23] and Paderborn [24]. However, many of these models remain single-stream and lack
interpretability. Additionally, numerous studies in this field do not implement robust evaluation strategies,
including cross-validation or statistical testing, which restricts their generalizability beyond specific datasets.

2.3 Attention Mechanisms and Interpretability
Attention mechanisms gain significant traction in fault diagnosis, enhancing performance and trans-

parency [25]. Convolutional attention modules, such as Convolutional Block Attention Module (CBAM),
dynamically adjust the weighting of spatial and channel features, while Transformer-based self-attention
improves the modeling of long-range dependencies [26]. However, most applications focus on signal data
and often overlook the integration of spatial textures derived from visual defect cues. Moreover, visual
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interpretability remains limited, as few models provide attention explanations that align with regions
examined by experts [27].

2.4 Transfer Learning and Domain Adaptation
To overcome data scarcity, transfer learning strategies such as Deep Adaptation Networks (DAN) and

Domain-Adversarial Training (DAT) have been explored [2,28].Thesemodels achieve >97% accuracy across
domains but often do not address surface-level defect localization or operate on grayscale imagery, which is
common in industrial casting inspection.

2.5 Hybrid Architectures and Real-Time Constraints
Recent hybrid models leverage the strengths of various architectures. For instance, HiDraNet [29]

incorporates multiscale CNN blocks, achieving an impressive 99.8% accuracy on the Kaggle casting dataset;
however, it lacks explainability tools and does not report on statistical robustness. Benbarrad et al. [30]
employ EfficientNetB0 for IoT-integrated inspections but achieve a lower accuracy of 96.88% and omit real-
time latency analysis. Ensemble approaches, like those from Stephen et al. [31], achieve 100% accuracy on
Northeastern University (NEU) defect images by combining Inception, DenseNet, and Xception, but incur
high computational costs that render them unsuitable for deployment on edge devices.

2.6 Summary and Gaps
There are some limitations that exist in the existing models in the literature. The majority of methods

are signal based and ignore useful image-based information. Multistream architectures that can represent
complementary spatial features are only used in a small number of models. Although high accuracy is often
obtained, explainability and robustness are not well studied. In addition, computational cost and real-time
deployment issues are rarely considered in sufficient detail. Moreover, the identification of model stability by
use of statistical testing or internationalizing real-time web applications is less in the literature.The existence
of these gaps highlights the necessity of our proposedBearFusionNetwhich combines the use ofDenseNet201
and MobileNetV2 backbones with multi head self-attention. This model is validated through 5 Fold CV,
Grad-CAM and Wilcoxon tests and is available as a live demo for detecting casting defects in Industry
4.0 environments.

3 Methodology
The proposed methodology for detecting casting defects in bearings follows a systematic pipeline that

includes image preprocessing, data augmentation, model training, and evaluation. Grayscale images are
enhanced usingContrast LimitedAdaptiveHistogramEqualization (CLAHE) and edge detection to improve
feature clarity. Data augmentation helps ensure robustness against variations in the dataset. A hybrid deep
learning model is then used for classification. The overall workflow is illustrated in Fig. 2.
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Figure 2: Proposed workflow diagram

3.1 Dataset Description
For this study, we utilized a publicly available dataset published on Kaggle, titled Real-life Industrial

Dataset of Casting Product Defects [32]. This dataset comprises 1300 grayscale images of industrial bear-
ing.The dataset was captured under controlled laboratory conditions with consistent lighting, using a Canon
EOS 1300D DSLR camera [30]. It consists of two classes: 781 images of defective castings (def_front)
and 519 images of non-defective or accepted castings (ok_front). Each original image measures 512 ×
512 pixels, providing sufficient spatial resolution to analyze image features up to individual defects. The
imbalance in the number of classes and the relatively small size can also affect the model training, causing
overfitting and possibly biases the model towards the majority class, something to be taken into account
before model training phase. Fig. 3 shows representative sample images from both classes, illustrating the
visual differences between defective and non-defective castings.
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Figure 3: Sample images from the dataset illustrating (a) non-defective casting (ok_front) and (b) defective casting
(def_front). These examples highlight the visual differences between accepted and defective products

3.2 Image Preprocessing and Feature Enhancement
To ensure consistent input dimensions and reduce computational overhead during model training and

processing, we resize all images to 256 × 256 pixels from their original resolutions. This standardization
facilitates batch processing and aligns with our feature extraction pipeline. After resizing, we employ
adaptive histogram equalization to enhance subtle surface-level features, improving the visibility of accept-
able surface variations [33]. This step is crucial for highlighting casting defects at a granular level, as
issues like microcracks, shrinkage galleries, and surface porosity can easily remain hidden under uniform
lighting conditions.

We apply non-local denoising to reduce irrelevant visual noise while preserving crucial structural
boundaries. This technique effectively maintains edge integrity while removing high-frequency noise com-
ponents introduced during imaging,making it an appropriate choice for our context. In the subsequent stage,
we perform edge detection using a gradient-based method to pinpoint abrupt intensity transitions in the
image, typically associated with defect boundaries or surface discontinuities.

Finally, we conduct a binary masking operation using the previously computed edge map as a spatial
filter. This process isolates potential defect regions without being affected by irrelevant background textures.
Ourmulti-stage preprocessing approach enhances defect visibility, standardizes image quality, and accurately
localizes casting flawswith high precision [34].Wepresent a comprehensive summary of each processing step
and the parameter configurations used in Table 1. To demonstrate the efficacy of the techniques employed
in emphasizing defect features while minimizing noise and irrelevant background information, we illustrate
Peak Signal-to-Noise Ratio (PSNR) values before and after preprocessing in Table 2.

Table 1: Preprocessing configurations and parameter settings used for image enhancement and defect localization

Step Operation Parameter settings
Image resizing Resize to fixed dimensions 256 × 256 pixels

Contrast enhancement CLAHE (Adaptive
Histogram Equalization)

Clip Limit = 2.0; Tile Grid Size = 8 × 8

Denoising Non-local means denoising h = 10; Template Window = 7; Search
Window = 21

Edge detection Canny edge detection Threshold1 = 100; Threshold2 = 200
Defect masking Bitwise AND using edge

map
Applied to resized grayscale image
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Table 2: Comparison of PSNR values before and after processing for sample images

Class Image PSNR before (dB) PSNR after (dB)
ok_front cast_ok_0_496.jpeg 24.56 4.61
ok_front cast_ok_0_5003.jpeg 24.10 4.40
ok_front cast_ok_0_5942.jpeg 24.04 3.49
def_front cast_def_0_7446.jpeg 22.71 5.00
def_front cast_def_0_6239.jpeg 23.61 5.04
def_front cast_def_0_1589.jpeg 24.58 4.19

Table 2 compares the PSNR values of selected images before and after preprocessing. Before processing,
the PSNR values range from approximately 22 to 25 dB, indicating that these images closely resemble
the originals. However, after preprocessing, we observe a notable decrease in PSNR around 3.5 to 5 dB.
This reduction is particularly evident with our edge detection and masking techniques, which intentionally
modify the images to highlight defects. This degree of reduction shows that preprocessing significantly
enhances defect features while minimizing irrelevant background information, thus improving feature
visibility for analysis purposes.

Fig. 4 shows the final preprocessed image obtained after applying all preprocessing steps.

Figure 4: Preprocessing pipeline for bearing casting defect detection

3.3 Data Augmentation
The dataset included 1300 images showcasing different bearing conditions, which is quite limited

for training a deep-learning model. Light data augmentation techniques were utilized to enhance model
performance and reduce the chances of overfitting. Light enhancement was applied to maintain the actual
characteristics of bearing defects without unrealistic distortion that would be created through heavy
enhancement, as this would lead to bias and overfitting. Subtle variations such as horizontal flipping, slight
rotations, and brightness adjustments were applied, ensuring that the key features of defects remained
unchanged.Thismethodmaintained the structural integrity of the bearing faults while enabling bettermodel
generalization. Table 3 shows an overview of the augmentation techniques.

Table 3: Light augmentation techniques applied to bearing defect images

Augmentation type Parameters Description
Horizontal flip – Flips the image horizontally

Rotation 15○ clockwise Applies a small rotation to simulate angle variation
Brightness adjustment 1.2× Slightly increases brightness to mimic lighting changes
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3.4 Dataset Split and Class Distribution
Following data augmentation, the final dataset consisted of 3900 labeled images categorized into two

classes: OK and Defective. The dataset was divided into training (75%, 2925 images), validation (10%, 390
images), and test (15%, 585 images) subsets using a stratified sampling method to ensure class balance. The
Defective class comprised approximately 60% of each subset, while the OK class made up around 40%, as
indicated in Table 4.

Table 4: Image distribution across dataset splits

Subset Label Count Percent

Train (75%) OK 1168 39.9%
Defective 1757 60.1%

Validation (10%) OK 156 40.0%
Defective 234 60.0%

Test (15%) OK 234 40.0%
Defective 351 60.0%

3.5 Multi-Head Self-Attention
Multihead self-attention (MHSA) enhances CNN models by utilizing their ability to simultaneously

model complex spatial relationships across different areas of an image. Unlike traditional convolutional
approaches, MHSA operates with multiple attention heads in parallel, allowing it to concentrate on the most
significant features.This study integrates a 4-headMHSAmodule into four state-of-the-art baseline models:
VGG19, MobileNetV2, NASNetMobile, and DenseNet. This integration includes convolutional layers and
culminates in a classification stage. The attention heads effectively learn distinct feature dependencies,
enabling the models to better emphasize regions of interest for kidney stone detection while minimizing
noise from less informative areas. This attention mechanism enriches the feature representation by infusing
it with additional information beneficial for classification.

3.6 Baseline Models with Multi-Head Attention
Four state-of-the-art convolutional neural network (CNN) architectures such as VGG19, MobileNetV2,

NASNetMobile, and DenseNet201 serve as baseline models for bearing defect classification, providing a
strong foundation due to their effectiveness in various visual recognition tasks, architectural diversity, and
suitability for transfer learning in scenarios with limited labeled data, common in industrial applications.
VGG19 features 19 layers of 3 × 3 stacked convolutional filters, making it a reliable benchmark by facilitating
the learning of complex visual features. However, it has a high computational demand due to its large param-
eter count and dependence on fully connected layers. In contrast, MobileNetV2 introduces a lightweight and
efficient design through depthwise separable convolutions and inverted residual blocks, achieving a favorable
trade-off between accuracy and computational complexity, ideal for resource-constrained environments.
NASNetMobile, developed through neural architecture search, optimizes model design with modular,
search-optimized cells that balance complexity and performance, yielding higher accuracy than manually
designed networks with fewer parameters. DenseNet201 fosters dense connectivity, allowing each layer to
connect to all preceding layers, which supports feature reuse and enhances gradient flow, effectively capturing
subtle features critical for identifying early bearing defects. To augment the representation capacity of
these baseline models, a Multi-Head Self-Attention (MHSA) mechanism is integrated, attending to multiple
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spatial regions on the feature map simultaneously, thus modeling long-range dependencies and contextual
information often missed by traditional convolution. This attention mechanism enhances the detection of
bearing defects by extracting nuanced, context-aware features over subtle texture variations and distributed
fault patterns, resulting in a robust hybrid framework that boosts accuracy in defect classification models
while improving interpretability.

3.7 Proposed BearFusionNet: A Hybrid Attention Fusion Model
This study presents BearFusionNet, a hybrid architecture designed explicitly for classifying bearing cast-

ing defects. We combine two state-of-the-art convolutional neural networks DenseNet201 andMobileNetV2
and enhance them with MHSA to effectively capture the input images detailed and complementary features.
Each backbone extracts features, which we reshape and process through the MHSA layers, allowing the
model to learn long-range spatial dependencies crucial for identifying minor casting defects. Next, we pool
and concatenate the attention enhanced features from both models to create a fused representation that
retains the strengths of each. We feed this fused output into a fully connected classification head inspired
by the VGG19 architecture, incorporating dense layers and dropout techniques to promote improved gener-
alization. This paper introduces the BearFusionNet architecture to harness the complementary strengths of
these models, resulting in a robust and efficient system for accurately detecting bearing casting defects. Fig. 5
illustrates the detailed architecture of the proposed BearFusionNet. Also, Algorithm 1 formally describes the
step-by-step computational flow of the model.

Figure 5: Proposed BearFusionNet architecture

Algorithm 1: BearFusionNet: a hybrid multi-attention fusion model
Input: Grayscale image X ∈ R256×256×1

Output: Predicted class label ŷ ∈ {0, 1}
1: Step 1: RGB Conversion
2: Convert grayscale input to 3-channel: XRGB ← Repeat(X , 3) ▷XRGB ∈ R

256×256×3

3: Step 2: DenseNet201 Feature Branch
(Continued)
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Algorithm 1 (continued)
4: Extract features: F1 ← DenseNet201(XRGB) ▷F1 ∈ R8×8×1920

5: Reshape: F′1 ← Reshape(F1) ▷F′1 ∈ R64×1920

6: Apply multi-head attention: A1 ←MHA1(F′1 , F′1) ▷A1 ∈ R
64×1920

7: Normalize: A′1 ← LayerNorm(A1)

8: Reshape back: A′′1 ← Reshape(A′1) ▷A′′1 ∈ R8×8×1920

9: Global pooling: G1 ← GAP(A′′1 ) ▷G1 ∈ R
1920

10: Step 3: MobileNetV2 Feature Branch
11: Extract features: F2 ←MobileNetV2(XRGB) ▷F2 ∈ R8×8×1280

12: Reshape: F′2 ← Reshape(F2) ▷F′2 ∈ R64×1280

13: Apply multi-head attention: A2 ←MHA2(F′2, F′2) ▷A2 ∈ R
64×1280

14: Normalize: A′2 ← LayerNorm(A2)

15: Reshape back: A′′2 ← Reshape(A′2) ▷A′′2 ∈ R8×8×1280

16: Global pooling: G2 ← GAP(A′′2) ▷G2 ∈ R
1280

17: Step 4: Feature Fusion
18: Concatenate: Ffused ← Concat(G1 ,G2) ▷Ffused ∈ R3200

19: Step 5: Classification Head (VGG-style)
20: Fully connected layer: H1 ← ReLU(W1Ffused + b1) ▷H1 ∈ R

512

21: Dropout: H′1 ← Dropout(H1 , p = 0.5)
22: Fully connected layer: H2 ← ReLU(W2H′1 + b2) ▷H2 ∈ R

256

23: Dropout: H′2 ← Dropout(H2, p = 0.5)
24: Output layer: ŷ ← Softmax(W3H′2 + b3) ▷ ŷ ∈ R2

25: return ŷ

3.8 Experimental Setup
This section outlines the training configuration, key hyperparameters, and model complexity used to

evaluate BearFusionNet and baseline models in the casting defect detection task.

3.8.1 Training Setup and Hyperparameters
The study utilized four pre trained convolutional neural network models—VGG19, DenseNet201,

MobileNetV2, and NASNetMobile as frozen feature extractors. In addition, it incorporated MHSA and
dropout to enhance feature representations and introduce regularization. The details of the training setup,
including hyperparameters and optimization strategies, are outlined in Table 5. These parameters were
selected through empirical tuning, guided by prior literature and validation performance, to achieve stable
training and optimal generalization across all models.

3.8.2 Model Complexity
Table 6 presents the number of parameters and the memory consumption for each model. BearFu-

sionNet exhibits the highest total and trainable parameters, reflecting its hybrid architecture that integrates
multiple pre-trained backbones and employsmulti-head attention. In comparison, DenseNet201 andVGG19
also feature substantial parameter sizes, while MobileNetV2 and NASNetMobile are designed to be more
lightweight. The trainable weights, which the optimizer adjusts during training, correspond to these param-
eters. This increased complexity enables BearFusionNet to learn more nuanced feature representations,
contributing to its superior performance in classification accuracy.
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Table 5: Training setup and hyperparameters

Parameter Value/Description
Base architectures VGG19, DenseNet201, MobileNetV2, NASNetMobile (pretrained, frozen)

Input shape 256 × 256 × 3 (grayscale repeated across channels)
Loss function Categorical Crossentropy
Optimizer Adam
Batch size 32
Epochs 30

Early stopping Patience = 10 (monitoring validation loss)
Dropout rates 0.5 after global average pooling and dense layers

Multi-head attention 4 heads, key dimension = 64

Table 6: Model parameters and memory usage (in both raw count and MB)

Model Total params Trainable Non-trainable Optimizer
DenseNet201 25,716,680 (98.10 MB) 2,464,898 (9.40 MB) 18,321,984 (69.89 MB) 4,929,798 (18.81 MB)
MobileNetV2 7,189,320 (27.43 MB) 1,643,778 (6.27 MB) 2,257,984 (8.61 MB) 3,287,558 (12.54 MB)

VGG19 21,999,688 (83.92 MB) 658,434 (2.51 MB) 20,024,384 (76.39 MB) 1,316,870 (5.02 MB)
NASNetMobile 8,338,876 (31.81 MB) 1,356,386 (5.17 MB) 4,269,716 (16.29 MB) 2,712,774 (10.35 MB)

Proposed BearFusionNet 35,756,040 (136.40 MB) 5,058,690 (19.30 MB) 20,579,968 (78.51 MB) 10,117,382 (38.59 MB)

3.9 Proposed Model Decision Making
We used Grad-CAM to explain the model’s predictions. Grad-CAM is important because it highlights

areas of interest by using the gradients of the final convolutional layers. This helps in visualizing the model
and makes it easier to understand and trust.

3.10 DemoWeb Application Deployment
The proposed model can be deployed as a real-time web application capable of integrating with

IoT enabled camera systems in industrial environments. This prototype enables continuous automated
monitoring and swift defect detection along the production line, showcasing its potential to enhance quality
control and operational efficiency through timely interventions.

4 Results and Discussion
This section presents the experimental results of the intelligent bearing fault detection system. We

evaluate the generalization performance independently during the training, validation, and testing phases.
We employ a five-fold cross-validation technique to assess the consistency of various data splits. Addi-
tional analyses confirm the reliability of classification and examine the framework’s potential for real-time
deployment. The following sections discuss the key findings and their implications.

4.1 Training, Validation, and Testing Performance
Table 7 presents a comparative summary of classification accuracies among five deep learning models

evaluated on training, validation, and test sets. The proposed BearFusionNet surpasses all baseline archi-
tectures, showcasing exceptional performance with consistently high accuracy levels throughout all stages:
99.98% during training, 99.74% on the validation set, and 99.66% on the test set. This impressive per-
formance indicates that BearFusionNet effectively extracts data patterns while demonstrating outstanding
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generalization capabilities, evidenced by theminimal difference of just 0.32% between training and test accu-
racies. Among the baselinemodels, DenseNet201 andVGG19 exhibit strong results, achieving test accuracies
of 99.32% and 98.97%, respectively. These findings suggest that, although they adeptly learn discriminative
features, their generalization slightly falls short compared to BearFusionNet. In contrast, MobileNetV2 and
NASNet Mobile encounter significant performance challenges, particularly on the validation and test sets.
While NASNet Mobile attains an accuracy of 99.66% on the training set, this figure declines to 94.87% on
the test set, indicating overfitting and a lack of generalization in this defect detection task. BearFusionNet’s
consistent performance across all data partitions underscores its suitability for real-time, high-precision
manufacturing environments, where reliability and extremely low error tolerance prove crucial.

Table 7: Comparison of model accuracy (%) on training, validation, and test datasets

Model Training Validation Test
DenseNet201 99.97 99.74 99.32
MobileNetV2 99.21 96.41 98.80

VGG19 99.94 99.74 98.97
NASNetMobile 99.66 96.41 94.87
BearFusionNet 99.98 99.74 99.66

In addition to these accuracy results, Table 8 provides a comprehensive overview of precision, recall,
and F1 scores across all datasets. These supplementary metrics offer a complete picture of the models’
abilities to identify defective and non-defective samples accurately, further reinforcing the high classification
consistency and robustness of BearFusionNet.

Table 8: Precision, recall, and F1-score (%) of different models on training, validation, and test datasets

Model Dataset Precision Recall F1-score

Macro Weighted Macro Weighted Macro Weighted

DenseNet201
Train 99.97 99.97 99.96 99.97 99.96 99.97

Validation 99.68 99.75 99.79 99.74 99.73 99.74
Test 99.44 99.32 99.14 99.32 99.28 99.32

MobileNetV2
Train 99.17 99.21 99.19 99.21 99.18 99.21

Validation 96.04 96.48 96.58 96.41 96.28 96.42
Test 98.60 98.82 98.93 98.80 98.76 98.81

VGG19
Train 99.94 99.94 99.94 99.94 99.94 99.94

Validation 99.68 99.75 99.79 99.74 99.73 99.74
Test 98.80 98.99 99.08 98.97 98.93 98.98

NASNetMobile
Train 99.60 99.66 99.62 99.66 99.61 99.66

Validation 96.04 96.48 96.58 96.41 96.28 96.42
Test 94.42 94.96 95.01 94.87 94.69 94.89

BearFusionNet
Train 99.98 99.98 99.98 99.98 99.98 99.98

Validation 99.68 99.75 99.79 99.74 99.73 99.74
Test 99.64 99.66 99.64 99.66 99.64 99.66
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Table 8 compares the evaluated models’ precision, recall, and F1 scores across training, validation,
and test datasets. Notably, the proposed BearFusionNet achieves outstanding results at every stage, with
macro and weighted indicators exceeding 99.6%. This accuracy underscores its robust capability to dis-
tinguish between defective and non-defective samples while minimizing classification errors. In contrast,
DenseNet201 andVGG19 rank lower, with theirmetrics remaining above 98% across all splits. However, their
test set scores fall slightly below those on the training data, suggesting a somewhat diminished generalization
ability compared to BearFusionNet. Conversely, MobileNetV2 and NASNetMobile significantly overfit their
validation and test scores, leading to increasingly unstable performance on unseen data.

The comparative diagram illustrates the model’s performance at various evaluation stages, as shown
in Fig. 6. The top plot displays the training, validation, and test accuracy, indicating that BearFusionNet
achieves the highest accuracy across all phases. The bottom plot presents the corresponding macro F1
scores, further demonstrating the balanced and stable performance of BearFusionNet. Combined with the
quantitative results, these visualizations emphasize the model’s robustness and effectiveness under diverse
data distributions.

4.2 Cross-Validation Analysis
A stratified 5-fold cross-validation procedure rigorously examines BearFusionNet’s strength and gen-

eralizability. This approach reduces potential bias from any single train-test split, as each data sample
contributes to training and validating different folds. Such thorough evaluation is essential for determining
model reliability in real-world settings, where data distribution may not remain consistent.

Table 9 summarizes the detailed outcomes of accuracy and Cohen kappa coefficients for all compared
models across the five folds. The mean values and standard deviations presented are crucial, as they indicate
the steadiness and robustness of model replication. BearFusionNet consistently achieves a significantly
higher average accuracy of 99.44% with a very low standard deviation of 0.25%, reflecting both high
accuracy and minimal variance across data splits. This outcome highlights the model’s strong generalization
capabilities on unseen data beyond the training sample.

Figure 6: (Continued)
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Figure 6: Comparison of training, validation, and test accuracy (%) and macro F1-scores (%) across all evaluated
models. The first plot shows model-wise accuracy performance, while the second illustrates corresponding macro
F1-scores, highlighting consistency and generalization capabilities

Table 9: Cross-validation accuracy (%) and Cohen’s kappa of all models across five folds

Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Avg SD
Accuracy (%)

MobileNetV2 99.23 98.97 98.59 98.08 98.33 98.64 0.42
DenseNet201 99.74 99.74 99.87 99.23 99.36 99.59 0.27
NASNetMobile 96.03 97.31 95.77 93.59 97.31 96.00 1.47

VGG19 99.62 99.87 99.10 99.23 99.36 99.44 0.31
BearFusionNet 99.36 99.23 99.87 99.23 99.49 99.44 0.25

Cohen’s Kappa

MobileNetV2 0.98 0.98 0.97 0.96 0.97 0.97 0.01
DenseNet201 0.99 0.99 1.00 0.98 0.99 0.99 0.01
NASNetMobile 0.92 0.94 0.96 0.86 0.94 0.93 0.03

VGG19 0.99 1.00 0.98 0.98 0.99 0.99 0.01
BearFusionNet 0.99 0.98 1.00 0.98 0.99 0.99 0.01

Results from DenseNet201 and VGG19 demonstrate similar stability, with average accuracies exceed-
ing 99.4% and low variance, underscoring their effective performance in classification tasks. Conversely,
NASNetMobile exhibits a significantly larger variance (SD = 1.47%) and a lower overall average accuracy
of 96.00%, indicating challenges in achieving stable predictive results. Cohen’s kappa, which assesses
classification agreement beyond chance, further aligns with these trends: BearFusionNet, DenseNet201, and
VGG19 all yield values near or exceeding 0.98, signifying high classification consistency. In contrast, the
lower kappa score for NASNetMobile reflects its diminished resilience.
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These results substantiate BearFusionNet as an exceptionally stable and effective architecture for defect
detection. Its robustness in cross-validation is critical for deployment in industrial applications, where
consistent accuracy is essential under varying operating conditions.

As illustrated in Fig. 7, the performance trend of all evaluated models reflects the outcomes from cross-
validation employing a 5-fold approach.The plots display the accuracies and Cohen Kappa values, providing
insights into the consistency and stability of each model across the different folds. This analysis allows for
assessing how reliably each model performed during validation.

Figure 7: Five-fold cross-validation results: accuracy (%) and Cohen’s kappa across all evaluated models. The plot
illustrates the consistency of model performance across folds, highlighting both predictive accuracy and agreement
reliability

4.3 Model Reliability Assessment via Kappa Score
Fig. 8 reinforces the comparative accuracy of the measured models in terms of their Cohen Kappa

values. The visualization clearly illustrates that BearFusionNet is the most stable and reliable model,
boasting the highest kappa value of 0.9929. This finding demonstrates nearly perfect consistency between
the predicted and actual labels, regardless of class distribution. The results also indicate that DenseNet201
and VGG19 exhibit high reliability, with kappa measures of 0.9857 and 0.9787, respectively, suggesting a
strong classification consistency. MobileNetV2 closely follows, achieving a commendable score of 0.9805,
which indicates that it remains dependable despite its lightweight architecture. However, the kappa score
of 0.8938 reveals less consensus in classification, notably trailing behind the larger-scale NASNetMobile
and its smaller version, highlighting the previously observed variation during cross-validation. These
outcomes validate the efficacy of BearFusionNet in terms of accuracy and its ability to provide reliable and
replicable predictions across various data clusters—an essential trait for real-world applications wheremodel
consistency is paramount.
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Figure 8: Cohen’s kappa score of all evaluated model

4.4 Model Interpretation via Visualizations
The learning curves of all the studied models, including the proposed BearFusionNet, are presented

in Fig. 9. BearFusionNet curves indicate a stable training pattern, with training and validation being
close to each other and not showing any apparent overfitting. The stabilization of the validation accuracy
supports the point of early stopping. DenseNet201 and VGG19 also converge smoothly, but their curves
have small fluctuations as opposed to BearFusionNet. In comparison, MobileNetV2 and NASNetMobile
are stable, and validation performance deviates compared to training and indicates overfitting. Among
these, NASNetMobile is the poorest, because its validation accuracy is decreasing in spite of sustained
increases in training accuracy. Altogether, the learning curves support the quantitative results and indicate
that BearFusionNet is the most reliable model in quality inspection. Nevertheless, they offer only a partial
view of model behavior and do not fully capture class level decision dynamics. To analyze each model’s
prediction reliability, particularly in terms of false positives and negative, we present a confusion matrix
analysis next in Table 10.

Figure 9: (Continued)
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Figure 9: Training and loss curves for different models: (a) BearFusionNet, (b) DenseNet201, (c) VGG19, (d)
MobileNetv2, and (e) NASNetMobile. Each subplot shows the progression of training and validation loss and accuracy
over epochs

Table 10: Confusion matrices of different models on the test set

Model True label Predicted OK Predicted defective

BearFusionNet OK 232 1
Defective 1 351

NASNetMobile OK 223 10
Defective 20 332

MobileNetV2 OK 232 1
Defective 6 346

DenseNet201 OK 229 4
Defective 0 352

VGG19 OK 232 1
Defective 5 347

Table 10 displays the confusionmatrices for all testedmodels, enabling a detailed analysis of their classi-
fication reliability.TheproposedBearFusionNet demonstrates remarkable consistency, accurately identifying
351 defective cases and 232 non-defective ones, with just one error in each category. This nearly balanced
performance reflects its strength and practicality, particularly in high-stakes industrial settings where false
alerts and missed defects incur significant costs. DenseNet201 excels with the highest recall (FN = 0),
successfully identifying all faulty cases while experiencing a slight increase in false positives (FP = 4). VGG19
also exhibits considerable discriminative ability, maintaining a low error rate across both categories. Overall,



18 Comput Mater Contin. 2026;86(3):33

while MobileNetV2 performs adequately, it overlooks a small number of defective examples, resulting in a
somewhat lower recall (FN = 6). On the contrary, NASNetMobile shows notable performance degradation,
recording 10 false positives and 20 false negatives, indicating a lack of generalization and a tendency to overfit.
These findings alignwith the trends observed in the validationmetrics and cross-validation, further affirming
the superiority of BearFusionNet. The low-error performance evident in its confusion matrix reinforces its
suitability for high-precision defect detection scenarios.

4.5 Computational Cost Analysis
A further computational cost analysis assesses the feasibility of the proposed system in practical

applications, particularly in manufacturing, where time is crucial for accuracy. Fig. 10 illustrates the training
and inference times (in seconds) of all the evaluated models, providing comparative insights regarding their
efficiency. Based on the timing results, it is clear that BearFusionNet achieves the highest classification
performance but incurs the highest training cost at 486.3 s compared to VGG19 andDesneent, which require
383.8 and 300.1 s, respectively.These numbers reflect the complexity and depth of themodels, thus indicating
their strong predictive power.The longer training time of BearFusionNet justifies its superior generalization
and reliability. MobileNetV2, on the other hand, stands out as the fastest in training, requiring only 79.3 s,
which aligns with its lightweight design. NASNetMobile falls in between with a training time of 202.3 s.
Regarding inference time, an essential measure for real-time applications, BearFusionNet records the slowest
latency at 52.7 s, whichmay pose challenges in highly time-sensitive situations. Nevertheless, despite the fact
that BearFusionNet requires a little longer overall inference time, the per sample inference time is relatively
short, at just 0.09 s, which is within reach of most industrial inspection work. DesneNet and NASNetMobile
follow closely with 44.6 and 33.0 s, respectively. MobileNetV2 and VGG19 demonstrate the most efficient
inference times at 10.1 and 9.8 s, indicating that these networks excel in real-time or edge-based systems.

Figure 10: Training and inference time comparison across all evaluated models. BearFusionNet shows the highest
training and inference time due to its deep architecture, while MobileNetV2 and VGG19 demonstrate the fastest
execution times, suitable for time-sensitive applications
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BearFusionNet maintains acceptable accuracy and performance relative to its high computational cost.
The inference time remains reasonable formany industrial tasks, prioritizing classification accuracy over sub-
second response times. However, when a low-latency response is critical, one might opt for lighter models
like MobileNetV2 or VGG19 despite their lower robustness and generalization.

This analysis supports the argument that deep and complex architectures require greater resources;
however, this requirement is justifiable when heightened accuracy and stability are essential in critical
systems. Consequently, a trade-off between performance and efficiency emerges based on the specific
operational constraints present in the deployment environment.

4.6 Statistical Validation of Proposed BearFusionNet Using McNemar’s andWilcoxon Signed-Rank Tests
To statistically evaluate the performance of BearFusionNet on the primary test data, we employ the

Wilcoxon Signed-Rank Test and the McNemar Test to comprehensively assess the model’s stability and
accuracy. The Wilcoxon Signed-Rank Test yields a test statistic of 0.0000 and a p-value of 0.1797, indicating
a difference in the median performance of the prediction outcomes across the groups. Since this p-value
exceeds the significance level of 0.05, it suggests that the observed changes are not statistically significant,
meaning there are no systematic differences in the accuracy of BearFusionNet’s predictions. Similarly,
the McNemar Test, which examines changes in classification error patterns among paired observations,
produces a statistic of 0.5 and a p-value of 0.4795. This result further reinforces the conclusion that the
reasons behind the model’s prediction errors remain largely consistent, affirming its classification behavior’s
trustworthiness on the test set. These statistical analyses demonstrate that BearFusionNet is a robust model
with consistent performance, and its predictive capabilities on new data are not compromised by random
variability, overfitting, or bias. This reliability enhances the model’s applicability in practical settings.

4.7 Impact of Preprocessing on All Baseline Classifier
As it appears in the above Table 7 with advanced preprocessing, all models obtained high training,

validation and test accuracy, and the difference between them is minimal, meaning strong generalization
and robustness. In cases where resizing and normalization alone were used to train the models, most of
the architectures still achieved high training accuracy, but their test performance decrease noticeably as
observed in Table 11. This effect shows that, whereas deep networks are able to learn representations of
minimally processed images, the lack of advanced preprocessing methods limits their ability to generalize to
unknown data, in particular in identifying subtle and low contrast defects in bearing castings.The empirical
evidence supports the effect of simple preprocessing onmodel performance, as reported in Table 11. Training
the models solely on image resizing and normalization, DenseNet201 had a test accuracy drop of 0.35%,
MobileNetV2 had the worst drop of 2.29%, VGG19 had a drop of 0.69%, NASNetMobile had a drop of
2.21%, and the proposed BearFusionNet had a drop of 1.04%.These results show that lightweight models like
MobileNetV2 and NASNetMobile are especially sensitive to input quality degradation and would suffer a
much bigger performance drop when not run through more complex preprocessing procedures, but deeper
models would exhibit smaller but significant drops. Even the suggested BearFusionNet though robust, gains
better performance when using multi stage preprocessing to emphasize new defects, minimize background
noise, and aid in more consistent and accurate bearing casting defect detection.
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Table 11: Model performance comparison with only resize and normalization

Model Training accuracy Validation accuracy Test accuracy
DenseNet201 0.9802 0.9821 0.9897
MobileNetV2 0.9969 0.9821 0.9658

VGG19 0.9942 0.9897 0.9829
NASNetMobile 0.9959 0.9615 0.9282
BearFusionNet 0.9959 0.9846 0.9863

4.8 Benchmarking with Modern CNN and Transformer Architectures
Table 12 presents the training, validation, and test accuracy of a few state of the art models compared to

the proposedmodel, such as twoCNNbasedmodels (ConvNeXt Tiny andResNet50v2) and two transformer
based models (DeiT Tiny and LeViT-128S). In order to establish a fair comparison, all models were trained
with the identical preprocessing, batch size, optimizer and epochs as the baseline models. As much as these
models gained high accuracy in the training stage, they typically performed lower in the validation and test
sets than BearFusionNet and the base CNNs. The gap between training and test accuracy is observed to
be larger than the gap before training indicating that there is a probability of overfitting which may be due
to the small size and complexity of the bearing defect samples. These results indicate that contemporary
architectures may not always result in better generalization in specialized industrial tasks. Meanwhile, the
baseline CNNs and BearFusionNet showed more stability in accuracy on training, validation, and test
data, meaning that they could extract the relevant features and do not suffer generalization. BearFusionNet
combines feature fusion, attention mechanisms, and advancee preprocessing, which contribute to a more
stable performance of the feature fusion basedmodels over individual state-of-the-art CNN and transformer
models that underline the strengths of designing models that are specifically adapted to industrial data.

Table 12: Training, validation, and test accuracies of state-of-the-art CNN and transformer models

Model Train accuracy Validation accuracy Test accuracy
ConvNeXt tiny 0.9942 0.9872 0.9846
ResNet50 V2 0.9976 0.9795 0.9709
DeiT Tiny 1.0000 0.9744 0.9846
LeViT 0.9938 0.9897 0.9795

4.9 Visual Interpretation of Bearing Faults Using Grad-CAM in BearFusionNet
To enhance the interpretability of the features, we apply Grad-CAM exclusively to the final convo-

lutional blocks of the DenseNet201 and MobileNetV2 branches within the BearFusionNet architecture
before deep feature fusion. We then process the resulting amalgamated representations through a VGG 19-
style fully connected classification head. Fig. 11 illustrates examples from both branches of the Grad-CAM
analysis, showcasing the model’s attention concentration under various bearing fault conditions. The top
row highlights samples of faulty bearings, while the bottom row features typical cases. DenseNet201 and
MobileNetV2 effectively analyze critical fault areas, including surface wear, pits, and structural defects. The
complementary attention maps emphasize the strength of multi-branch deep feature fusion in highlighting
significant regions, thereby enhancing diagnostic accuracy. Subsequent visual inspections and specialist
confirmations show that the identified locations closely align with known physical defect areas within the
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bearing components. This alignment reinforces the diagnostic reliability of the model and supports its
effectiveness in practical applications related to predictive maintenance and condition monitoring.

Figure 11: Grad-CAM visualizations from BearFusionNet: the top row corresponds to normal(OK), while the bottom
row highlights defective bearing regions

4.10 Discussion of Findings
Based on the experimental results, BearFusionNet performs best among all considered baseline models

regarding key indicators, including accuracy, Cohen kappa, precision, recall, and F1-score. With an overall
test accuracy of 99.66% and a Cohen kappa of 0.9929, BearFusionNet demonstrates a near ideal agreement
with proper labels, signaling high classification consistency and reliability.Themacro andweighted precision,
recall, and F1 scores consistently exceed the 99.6% mark, indicating the model’s capacity to correctly
predict non-defective and defective bearing samples with very low error rates. Following the quantitative
evaluation presented in Tables 7 and 9 Training, validation, test accuracies and Cohen’s Kappa were used
to evaluate all the models, and then cross-validation was carried out to determine the consistency and
stability. Other analyses, such asmisclassification patterns and generalization, were also taken into account to
have a thorough performance assessment. Some of the baseline models, including VGG19, have had similar
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cross validation results, but BearFusionNet had a better overall performance on the combined evaluation
metrics. These quantitative results highlight the effectiveness of this work’s major contributions. The feature
fusion characteristic of DenseNet201 andMobileNetV2, combined withMulti-Head Self-Attentionmodules,
enables the model to swiftly identify subtle and overlapping defects that traditional models struggle to
capture. Fusing these features with a fully connected classifier head inspired by VGG19 enhances the
model’s discriminative capacity and reduces misclassification errors. The progressive preprocessing pipeline
improves defect localization and feature saliency through techniques like CLAHE, non-local means denois-
ing, and the Canny edge detector, which boosts model integrity under challenging imaging conditions. This
preprocessing is crucial for achieving high precision and recall values, directly translating to reducing false
positives and negatives. Statistical tests, including the Wilcoxon Signed-Rank and McNemar tests, confirm
that BearFusionNet’s performance remains stable and does not vary due to random factors or biases. This
statistical validation strengthens the model’s credibility for use in serious industries. Moreover, Grad-CAM
visualizations reveal that BearFusionNet focuses on significant areas of defects, providing interpretative and
diagnostic value. It is crucial inmaintenance scenarios, where understandingmodel decisions informs better
operational choices. Although BearFusionNet requires more supporting computations during training, it
maintains a relatively low inference latency, making it affordable for real-time manufacturing processes
that demand high accuracy in defect detection. BearFusionNet is a web app on Hugging Face using
Gradio. It allows users to upload images and receive real-time predictions with confidence scores and
Grad-CAM explanations.This convenient demonstration illustrates the model’s precision and explainability
and is a potential solution for Industry 4.0 innovative factory implementations. BearFusionNet achieves
high accuracy, strong kappa scores, and robust precision-recall measures while employing an innovative
preprocessing and multi-branch attention fusion strategy. This makes it a stable and interpretable model in
bearing defect diagnosis. Grad-CAM visualizations emphasize that the model focuses on meaningful defect
regions, such as surface wear and pits, providing interpretable insights into its decisions. It enhances trust
in the model’s predictions and supports practical diagnostic applications, representing a breakthrough in
intelligent defective detection systems at the industrial quality inspection level.

4.11 DemoWeb Application
To further assess the practical utility of BearFusionNet in the context of Industry 4.0, Fig. 12 illustrates

its implementation in a real-time web application built on the Gradio platform hosted by Hugging Face.
This application showcases the model’s capability to classify defects in production quality and provide
visual explanations. Users upload images and receive immediate predictions, confidence scores, and Grad-
CAM heatmaps. In testing, the web application took around 5–6 s per prediction, with Grad-CAM
visualizations, because of the constraints of the Hugging Face Gradio CPU environment, not using a GPU.
The model can provide substantially faster predictions in industrial environments, where there are available
high performance computing resources. We analyze ten test images from the internet to evaluate their
performance. The first image, which exhibits a visible defect, is identified as defective with a confidence
score of 100%, and the Grad-CAM visualization highlights the defective area in bright yellow. The second
defect-free image is also predicted correctly with 100% confidence; however, the Grad-CAM output reveals
some red and yellow activations, indicating the model’s sensitivity to minor patterns. While this serves as a
demonstration application, it underscores the potential for the practical application of BearFusionNet. This
model integrates with IoT-enabled industrial cameras and a central dashboard to deliver real-time quality
control results, detection statistics, and inspection process trends, thus contributing to the development
of automated, explainable, and data-driven quality control systems in an innovative factory environment
aligned with Industry 4.0.
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Figure 12: Defective and OK prediction made via web application

4.12 Comparative Analysis with Previous Studies
The comparison presented in Table 13 outlines the advantages of BearFusionNet over prior research

involving the Kaggle bearing faults identification dataset. Although the study by [29] achieves the highest
accuracy at 99.81%, it suffers from significant methodological flaws. Specifically, it relies heavily on data
augmentation without implementing cross-validation or statistical significance testing, which renders its
findings less reliable and broadly applicable. Furthermore, the absence of an explainability framework
limits understanding of the model’s decision-making process. Similarly, reference [30] reports a lower
accuracy of 96.88% under the same limitations, lacking cross-validation, statistical testing, and explainability
methodologies, which diminishes confidence in the model’s stability and robustness.

In contrast, our study demonstrates competitive performance, with BearFusionNet achieving an accu-
racy of 99.66% and only two misclassifications, highlighting its high performance and strong generalization
capabilities. Notably, BearFusionNet employs Grad-CAM to interpret model predictions, enhancing its
confidence and practicality. Our study faces no significant limitations, reflecting a more robust and balanced
experimental design. This reinforces the potential of BearFusionNet as an effective, interpretable model
suitable for deployment in industrial anomaly detection. Furthermore, BearFusionNet became an accessible
web application that facilitates real-time defect classification with visual explanations. It underscores its
practical relevance and readiness for integration into Industry 4.0 innovative factory systems, features not
offered by the other studies reviewed.
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Table 13: Comparison of bearing fault detection studies on the Kaggle dataset

Study Dataset Model Accuracy (%) Misclass. XAI Limitation
[29] Kaggle Hidranet 99.81 13 No Excessive data augmentation

without cross-validation
limits robustness. No

Grad-CAM or statistical
tests performed.

[30] Kaggle EfficientNetB0 96.88 22 No No cross-validation or
statistical tests applied,
reducing confidence in

stability and generalization.
Our study Kaggle BearFusionNet 99.66 2 Yes No reported limitations;

robust performance with
explainability via

Grad-CAM; deployed as a
user-friendly web

application for real-time
defect classification and
visual explanations.

5 Conclusion and Future Work
To sum up, this paper introduces BearFusionNet, a multi-stream attention-based deep learning

framework that automates identifying bearing casting flaws with high accuracy. By concisely combining
DenseNet201 and MobileNetV2 feature extractors with a VGG19-style classification head, BearFusionNet
reliably extractsmulti-scale features using parallel attentionmodes.This approach allows seamless coarse and
fine-grained information integration, dramatically improving overall error rates in defect classification tasks.

BearFusionNet evaluates against the Kaggle Real-Life Industrial Dataset of Casting Product Defects,
achieving 99.66% accuracy, a 99.66% F1 score, and a Cohen’s kappa coefficient of 0.9929, with a low misclas-
sification rate. The model demonstrates reliability and stability through statistical tests such as McNemar’s
and Wilcoxon Signed-Rank. Confusion matrix analysis reveals equal detection capacity, with minimal
false negatives, fostering confidence in industrial quality assurance outcomes. A demo web application of
BearFusionNet, hosted on Hugging Face, allows users to upload images for real-time defect classification
with visual explanations via Grad-CAM heatmaps. This interactive demo illustrates the model’s accuracy
and explainability and its potential for smooth integration in Industry 4.0, where real-time monitoring and
explainable AI are crucial for innovative production. Although it is very accurate, BearFusionNetmight have
constraints with real-worldmanufacturing since the retraining has to be done periodically because over time
fault patterns and defects may change.

In future work, we will dedicate efforts to training BearFusionNet on larger, more heterogeneous
data sets to enhance its performance across different defect types and manufacturing conditions. They
examine its operational efficiency through real-time implementation and testing. Additionally, they plan
to refine the model further using confusion matrix-based feedback to reduce misclassification. The vision
includes developing a user-friendly dashboard that combines BearFusionNet with other applicable real-
time defect detection and reporting models. This initiative helps make quick decisions and improve quality
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control processes, thus enhancing manufacturing efficiency. These efforts reinforce BearFusionNet’s role
in promoting innovative manufacturing practices aligned with Industry 4.0 goals, serving as a consistent,
precise, and interpretable tool for automated defect detection.
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