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Abstract. Convolutional Neural Networks (CNNs) are now frequently used as the foundation for intelligent fault diagnosis
in modern industrial equipment because they can extract multi-level features from raw vibration data. This study adopts a
multi-scale convolutional neural network (CNN) architecture to address issues such as noise, various operating conditions,
and the lack of labeled fault data in real-time mechanical system diagnostics. In the new system, parallel convolution
branches can capture both local and global features of the signal due to the different sizes of the convolution kernels. Data
augmentation, normalization, and denoising preprocessing techniques improve the quality and generalization ability of the
input data. In addition, a large number of open-source rotating machinery datasets were used, which were collected under
various environments. Based on the above results, the proposed model has an average classification accuracy of 98.7% and
an F1 score of 0.977; it outperforms single-scale CNNs, Transformers, and traditional machine learning models. Even in high-
noise environments, it still maintains an AUC of over 0.95, indicating that it is less sensitive to artificial noise and changes in
the operational area. The real-time performance was verified to be good; the average inference time was less than 3
milliseconds, and the memory consumption was less than 1 GB; therefore, it meets the requirements for industrial
deployment. The aforementioned research indicates that multi-scale CNNs are beneficial for predictive maintenance and
smart factories, as they can accurately and reliably identify faults in complex machinery in real-time.
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Introduction

As industrial equipment becomes increasingly complex and automated, the detection and diagnosis of
mechanical system failures have become more and more important to improve production efficiency and
enhance safety. If industrial equipment is not properly maintained, significant accidents and damage may occur,
resulting in substantial financial losses or fatalities [1]. Therefore, a fast and accurate fault detection mechanism
is needed in the maintenance plan. Traditional methods have been adopted, but they require manual inspection
and expert judgment, which cannot meet the needs of a large number of complex mechanical systems [2]. Two
methods of signal processing are wavelet analysis and short-time Fourier transform. These methods can extract
features from vibration and acoustic data, which can help diagnose fault types [3]. However, due to subjective
parameters, these methods are more susceptible to external noise and changes in the operating environment
[4]. Due to advancements in deep learning and machine learning, fault diagnosis can now be performed more
reliably on raw or low-level signal representations through automatic hierarchical feature extraction and
classification [5]. Research shows that diagnostic models based on deep learning are more robust to unknown
and complex fault patterns, and are more effective than models based on traditional feature engineering [6].
Therefore, intelligent fault diagnosis based on neural networks and data-driven paradigms is receiving increasing
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attention from both industry and academia [7]. However, there are still issues with the promotion and
application [8].

Intelligent machinery fault diagnosis still faces some significant issues in practical industrial applications. First,
labeled fault datasets are usually scarce and incomplete in the real world, and there is a serious class imbalance
problem. Therefore, high-capacity models cannot be trained stably and are more prone to overfitting [9].
Secondly, the raw signals generated by rotating machinery are usually multi-scale, non-stationary, and nonlinear,
and they often contain significant broadband noise. Therefore, they are more difficult to process for feature
extraction [10]. The accuracy of traditional Convolutional Neural Networks (CNNs) decreases under the influence
of operational changes, new types of failures, or unexpected external interference [11]. Deep networks are
"black boxes" and are difficult to interpret, making them challenging to use in safety-critical applications [12].
Although transfer learning and domain adaptation can improve cross-domain robustness, they are often
accompanied by increased computational overhead or reduced interpretability [13]. Due to the real-time, low-
latency inference requirements of resource-constrained edge and embedded platforms, diagnostic accuracy,
computational efficiency, and deployability have become even more important [14]. Although the first two
solutions—creating adversarial frameworks and attention mechanisms—have partially addressed these issues,
there is still no comprehensive model available that offers interpretability, scalability, and robustness [15].
Currently, the research focus in intelligent mechanical fault diagnosis is on the model's performance in terms of
accuracy and noise, as well as their adaptability in different environments and real-time situations [16]. Develop
a transparent system capable of providing high-fidelity predictions and analyzes in various real-world scenarios
[17]. Researchers in the field of mechanical intelligence are currently striving to balance efficiency, insight, and
performance [18].

This study uses a new multi-scale convolutional neural network structure to address the aforementioned issues.
This structure is robust, can be used for mechanical fault diagnosis, and is capable of accurately identifying noise
and changes in industrial environments. The main content is as follows: (1) A unified diagnostic system
framework was established, enhancing the generalization ability to unseen faults and operating conditions
through multi-scale feature extraction and effective data augmentation; (2) An interpretable model with good
model representation quality was created, and strict evaluation was conducted using advanced visualization
techniques and quantitative metrics; (3) Extensive benchmarking tests were performed on top baseline models
to measure accuracy, robustness to noise and variations, and computational efficiency in real-world scenarios.
The following is the structure of this paper: Section 1 introduces the dataset and the problem; Section 2 discusses
the network architecture and training methods; Section 3 presents the experimental results and performance
analysis; Section 4 concludes the paper and discusses future work.

Dataset and Problem Formulation

Dataset Description

The dataset used in this study is an open-access mechanical fault database, specifically for research on the
condition monitoring and diagnosis of rotating equipment [19]. The research laboratory is equipped with bearing
component test benches, gearboxes, and modular bearing housings for data collection. To collect vibration
signals with lower transmission loss, high-fidelity piezoelectric accelerometers are directly mounted on the
bearing seat [20]. All accelerometers have been properly calibrated to cover the target frequency range of typical
mechanical damage. Therefore, the high-frequency and low-frequency components of various fault modes in
the signal can be accurately measured.

The fault scenarios in the dataset include typical bearing defects such as inner race, outer race, and rolling
element faults, as well as localized gear damage and misalignment. To simulate progressive degradation, data
was collected at multiple predetermined damage levels [21]. In order to classify and validate, a large amount of
data in good working condition was also collected, in addition to the fault states. To enhance the diversity and
applicability of the dataset, experiments were conducted after changes in temperature and oil level, and under
different load torque and shaft speed conditions [22].

High sampling rate signal acquisition (up to 48 kHz) is used for time-frequency analysis, by dividing it into small
time windows to obtain a manageable amount of data. Before labeling, all raw signals undergo strict quality
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control, and then bandpass filtering and statistical anomaly removal are performed during the post-processing
stage [23]. To ensure the accuracy of the annotations, manual verification-maintained data labels for the types
and severity of faults. The entire dataset is divided into three subsets: the training set, the validation set, and
the test set. Each subset is divided based on the category distribution of different situations [24].

Problem Statement

This study suggests using vibration sensor data to create an intelligent diagnostic system to accurately classify
multiple categories of mechanical states, distinguishing between degradation, normal, and various faults [25].
The main issue is that it must handle various operating conditions in practice; for example, due to changes in
load, speed, and environmental noise, the characteristics of the signals can vary significantly. For the above
reasons, detection methods may encounter difficulties in distinguishing between normal and abnormal signals.

In addition, there are issues with limited fault data and data imbalance. Due to the limited representation of
rare and new types of degradation, the algorithm needs to have stronger generalization capabilities for
abnormal situations based on a limited number of examples. Therefore, the problem statement is not just a
static classification. It also involves resilience to operational fluctuations and non-stationary disturbances, as
well as the ability to adapt to new or mutated fault characteristics that may arise during deployment.

Therefore, the two objectives are to maximize the accuracy of known disease diagnosis and to ensure
adaptability and robustness in various environments and rare events. Therefore, in order to deploy in embedded
or real-time environments, the chosen method must be able to accurately extract subtle feature changes. Their
goal is to transform the laboratory demonstration into a practical application widely used for predictive
maintenance in commercial environments [26].

Evaluation Protocols

The structure of the evaluation system meets industry standards and has undergone comprehensive validation.
Classification accuracy is used to calculate the rate of correct identification of all cases in the predictions.
However, given that most of these datasets are multi-class and imbalanced, precision and recall for each class
are usually used to determine whether the system has missed more true faults or generated fewer false positives.
The F1 score is the average of precision and recall, and it is relatively suitable for imbalanced class distributions.

ROC analysis can show the model's ability to distinguish between normal samples and faulty samples at different
thresholds. It can also report the area under the ROC curve (AUC). The robustness of the model can be
systematically tested by adding artificial noise or simulating changes in the operating environment to evaluate
the model's ability to perform well under these suboptimal signal conditions. Classification results can also be
ensured for reproducibility and generalization by using cross-validation, which involves dividing the data into
training, validation, and independent test sets.

Hardware efficiency metrics and latency will be used to meet real-time operational requirements. To determine
practical feasibility, the inference time for each sample and the utilization of computational resources on
representative edge or embedded platforms are recorded. In summary, the aforementioned measurement
protocol provides a complete and open framework for benchmarking and subsequent reproduction.

Proposed Multi-Scale CNN Algorithm

System Overview

In this fault diagnosis framework, multi-scale convolutional neural networks (CNNs) are advocated. Both are
used to collect general vibration and minor vibration models of hard-to-identify industrial issues. As shown in
Figure 1, the modules of the end-to-end pipeline include input preprocessing, parallel CNN branch feature
extraction, multi-scale feature fusion, fully connected classification, and decision output.
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Figure 1. Overall architecture diagram of the proposed multi-scale CNN-based fault diagnosis system.

First, the raw time series signal obtained from the sensor is normalized and filtered to reduce noise and
standardize the input distribution. The denoised signal, denoted as X, is simultaneously input into N parallel
convolution branches with different kernel sizes and strides. The output of the i -th branch is

H;=c(BNW;*X + b)) Eq.(1)
where W;, b; are the convolutional kernel and bias, * denotes convolution, BN is batch normalization, and o is
the activation function.

Due to the different receptive fields of each branch, features sensitive to defect patterns of different scales are
extracted. The feature fusion operation aligns and combines the outputs of all branches:

F 500 = Concat(H,, H,, ..., Hy) Eq.(2)
By using the channel method, the network can collect both global and local temporal information.

Next, the fully connected layer processes the combined feature map. The final result is the SoftMax classifier:

y = Softmax(ch “Frysea + bfc) Eq.(3)
Therefore, the fault category probability vector is obtained. Its general architecture is modular, interpretable,
and scalable. Moreover, it is more suitable for fast inference and can operate normally in resource-limited
industrial environments.

Data Preprocessing and Model Design

Some data preprocessing will be carried out to reduce noise and other errors to ensure the accuracy of the
diagnostic results. As shown in Figure 2, denoising, normalization, and augmentation are the three essential
steps in the data preparation process.
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Figure 2. Data preprocessing and augmentation flowchart for multi-scale CNN input preparation.
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First, the digital band-pass Butterworth filter denoises the raw vibration signal to retain the spectral components
related to mechanical faults and eliminate other frequency bands.

Xa’enaise = B(X; flawt szgh) Eq-(4)
B is a band-pass filter.

Then, normalize the signal to meet statistical requirements.

o(X)+e
for each sample x;, with u(X) and o(X) as the window mean and standard deviation, and ¢ for numerical
stability.
Due to data imbalance and unmarked samples, many augmentation methods have already been used, such as
adding Gaussian noise, random cropping, amplitude scaling, and shifting. The augmentation sequence is as
follows:

¥ =a-5+p-N0O1)+y Eq.(6)

where a, 5,y are randomly selected scaling and bias factors.

Multiscale Convolutional Neural Networks (CNN) have been developed to learn features at different scales. The
convolutional kernel k; is different for each parallel branch and extracts long-term and short-term periodicity.
The convolution transformations of all layers are as follows:

¢ { - f
HO = ¢ (BNW « B + b)) Eq.(7)
where layer index £ and activation function ¢ (e.g., ReLU) are specified per-branch.

After convolution (through upsampling or pooling), the features of all branches are aligned in dimension, and
then concatenated for fusion:

Z = Concat(P4, P, ..., Py) Eq.(8)
where P; is the processed feature map from branch i.

To achieve dynamic feature weighting, three main innovations: batch normalization per layer, dropout
regularization, and optional channel attention. In summary, the aforementioned methods enhance the
generalization and robustness against various fault patterns and severe signal interference in industrial
environments.

Model Training Strategy

The dataset is divided into separate training, validation, and test sets, with an even distribution of categories in
each group. This is to ensure the broadness of the dataset. If the training set is not used for model training, the
validation set will not be used for early stopping or hyperparameter tuning.

The training objective is the minimization of the categorical cross-entropy loss:

M C
1 A
Leg = _MZ Z yiclog (9ic) Eq.(9)

i=1 c=1
where M denotes the mini-batch size, C is the number of classes, y; . represents the ground truth indicator, and

Vi is the predicted class probability for the i-th sample.

To promote generalisation, L, regularisation is added to the objective function:

L=Lop+2) Wl £q.(10)
k

where A is the regularization coefficient and w;, comprises all trainable parameters.

Adam is used for optimisation of the network, and the parameter update at iteration t is:

0,,, =6 e
t+1 — Yt 77 \/]]_t-‘r € Eq(ll)
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where 7 is the learning rate, m; and v, are estimates of the first and second moment, and € ensures numerical
stability.

Dropout regularization was added after feature fusion and before the fully connected layer to further reduce
overfitting. For each neuron output z; in the given layer, the dropout mechanism is generated:

Z]firop
where m; is a Bernoulli random variable indicating neuron retention with probability p.

Use the confusion matrix, accuracy, and average F1 score of the validation set to determine the best model. The
final trained network is evaluated on an untouched test set to obtain an unbiased estimate of diagnostic
accuracy in real-world environments with noise and variations. The deployment parameters of the model with
the best validation performance can currently be stored through checkpoints.

Robustness Validation and Performance Analysis

Experimental Settings and Baselines

All experiments used popular benchmark datasets and industrial vibration signal databases to validate the
generalization ability of the proposed multi-scale CNN. To avoid training bottlenecks and ensure reproducibility,
the experiments were conducted on a Linux workstation equipped with two NVIDIA RTX 4090 GPUs, 256GB of
memory, and dual Intel Xeon Platinum processors.

To objectively compare performance, time series analysis used some well-known neural networks and machine
learning models as benchmarks. To prevent the vanishing gradient problem in deep networks, the original single-
scale CNN was chosen as the reference convolutional architecture. In addition, ResNet-18 was chosen as a deep
learning competitor due to its skip connections and achieved good results [27]. In the benchmark tests, models
based on 1D transformers were used to more effectively capture long-range temporal dependencies in unstable
industrial environments [28]. In the study of sequence modeling and feature diversity, LSTM-FCN and BiLSTM
models have been researched, which combine long short-term memory and fully convolutional elements [29].
In order to clearly evaluate the robustness of various operational interferences and random initializations, a
hybrid voting ensemble of multiple CNNs has been adopted, based on the practical value of ensemble strategies
[30]. Support Vector Machines and Random Forests are traditional baselines; they support purely data-driven
models based on handcrafted statistical features [31].

All models and their corresponding experiments were conducted according to the aforementioned methods.
The stratified partitioning of the dataset is used to allocate 70% for training, 15% for validation, and 15% for
testing, while always maintaining class balance. All methods use the same steps to perform Butterworth
bandpass filtering, normalization, and synthetic data augmentation to prevent preprocessing errors. The training
uses the Adam optimizer, with initial parameters 8; = 0.9, 8, = 0.999, and an initial learning rate of 1 x 1073,
It also maintains a batch size of 256 and applies a dropout rate of 0.5 when necessary. Training can continue for
120 epochs, and dynamic learning rate adjustment is applied when the validation accuracy decreases. In this
case, early stopping was also used to prevent overfitting.

Using Scikit-learn 1.3 for metric reporting, PyTorch 2.1 and CUDA 12.2 for hardware acceleration, and all
experimental code is developed based on PyTorch 2.1. To ensure the statistical reliability of the evaluation
metrics reported, the experiments were run independently five times, and the average results were taken. In
addition, the experiment also showed the 95% confidence intervals for accuracy, F1-score, and AUC. To ensure
that all baseline models compete fairly in an ideal baseline environment, the hyperparameters of all baseline
models were selected in accordance with current recommendations and previous studies [32].

Comparative and Robustness Results

In addition, other outstanding neural networks and classic machine learning models were evaluated to rigorously
test the predictive capabilities of the new multi-scale CNN and its practical applications. The evaluation includes
convergence characteristics, feature discrimination ability, accuracy under various perturbations, and
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hyperparameter sensitivity. These characteristics have been systematically demonstrated and quantified, as
shown in Figures 3-6.

Figure 3 shows the general convergence behavior of all models. As shown in Figure 3a, the proposed multi-scale
CNN achieved a validation accuracy of over 0.98 within 40 training epochs. In contrast, the baseline model
converges more slowly, typically achieving a validation accuracy of around 0.94. After sixty training epochs, the
training accuracy of the proposed model approaches 0.99; it is both stable and high. As shown in Figure 3b, the
loss trajectory of the proposed model exhibits a relatively rapid monotonic decrease on the validation loss, and
then stabilizes around 0.12. The baseline model has more loss and a slower decay rate; therefore, it is less
suitable for fitting and may even underfit. Figure 3c also shows that after training, the proposed model's F1-
score is relatively high and remains above 0.97 throughout the training. However, after approximately 60 epochs,
the Fl-scores of all baseline methods begin to decline, indicating that the baseline models may experience
overfitting or instability during prolonged optimization.

(a) Training and Validation Accuracy

(b) Training and Validation Loss
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Figure 3. (a) Training and validation accuracy; (b) Training and validation loss; (c) Validation Flscore of all models versus epoch. The
proposed method demonstrates faster, more stable convergence and superior steady-state metrics.

Figure 4 details the discriminative and structural characteristics of the learned features. The t-SNE embedding
of the penultimate hidden layer indicates that after processing with the multi-scale CNN, all fault categories
form well-separated clusters, with an average inter-class distance of 4.17 and an intra-class variance of less than
0.37, as shown in Figure 4a. The single-scale CNN has lower separability, with an inter-class distance of 2.62 and
a variance of 0.95.

As shown in the kernel activation heatmap in Figure 4b, the most responsive filter covers more than 72% of the
activation energy. Moreover, the average cosine similarity between the filters is only 0.09, indicating that these
features are highly unusual.

The output neuron activations form distinctly separated category distributions, as shown in Figure 4c. In the
presence of noise and other conditions, the misclassification rate is below 1.3%; the within-class standard
deviation is below 0.12; and the minimum inter-class centroid distance exceeds 0.74.
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(a) t-SNE: Embedding by Class

(b) Kernel Activation Heatmap
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Figure 4. (a) t-SNE cluster embedding by class; (b) Kernel activation heatmap for representative inputs; (c) Output neuron activation violins

for all four classes.

(a) ROC Curves

(b) Precision-Recall per Fault Type
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Figure 5. (a) ROC curves and model AUCs; (b) Precision-recall analysis by fault class; (c) Bar chart summarizing AUC under clean, medium,
and high-noise conditions; (d) Precision distribution violins for multiple scenarios.
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Figure 5 shows the systematic robustness tests against noise and domain shift. As shown in Figure 5a, the ROC
analysis indicates that the multi-scale CNN consistently achieves an AUC of 0.99, while all other methods perform
poorly. For example, Transformer (AUC 0.96), LSTM-FCN (AUC 0.95), and standard CNN (AUC 0.92), but multi-
scale CNN consistently achieves an AUC of 0.99.

The precision-recall characteristics in Figure 5b indicate that the proposed method maintains a precision of over
0.95 and a recall of over 0.93 across all categories, including the minority fault categories; therefore, this method
is suitable for industrial anomaly diagnosis.

As shown in Figure 5c, the impact of added noise indicates that under imposed perturbations, the AUC of the
proposed model still exceeds 0.95. On the other hand, the performance of the baseline model significantly
decreased. For example, under high noise levels, Baseline 1 drops to 0.91, and Baseline 2 drops to 0.68. The
accuracy violin plot of the model under different test conditions is shown in Figure 5d. The model not only has
a lower average accuracy but also shows a smaller degree of dispersion, indicating that it is more stable and
robust in various operating environments [33].

Figure 6 shows the details of the hyperparameter sensitivity analysis. Figure 6a shows the impact of the
optimizer's learning rate on the validation accuracy of all models. The proposed multi-scale CNN achieved the
best validation accuracy (0.99) at a learning rate of 1 X 1073, as indicated by the annotated optimal value.
Whether with a high learning rate or a low learning rate, performance will quickly decline; the peak accuracy of
the baseline is also lower, and the "safe" learning rate region is narrower. In addition, the confidence interval of
the shaded area indicates that the multi-scale CNN performs well in the optimal region. The structure of the
model is a two-dimensional heatmap, as shown in Figure 6b. The proposed framework maintains a score above
0.96 across all combinations of depth (4-7) and width (64-128). Heatmaps can indicate that too many parameters
can lead to a sharp decline in model accuracy, which can provide a stable and efficient resource allocation
method for model deployment [34].

(a) Validation Accuracy vs Learning Rate (Multi-Model) (b) Robustness Heatmap (Accuracy)
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Figure 6. (a) Validation accuracy versus learning rate, shaded bands indicate confidence intervals and optimal region; (b) Robustness
heatmap showing average accuracy as a function of model width and depth.

Real-Time and Deployment Analysis

High-performance diagnostic models must be accurate, low-latency, and equipped with powerful hardware.
Based on the above reasons, a comprehensive evaluation of the proposed multi-scale CNN was conducted and
compared with two common neural network baseline models. In actual deployment environments.

As shown in Figure 7a, the proposed multi-scale CNN runs the fastest on all test devices. When running on the
NVIDIA RTX 3080, the inference time per sample is approximately 2.8 milliseconds with a batch size of 16
samples; the inference time for LSTM-FCN is 5.1 milliseconds, and for the Transformer, it is 4.3 milliseconds. The
low inference latency of the multi-scale CNN is 9.7 milliseconds, faster than the 10.7 milliseconds of the
Transformer and the 11.5 milliseconds of the LSTM-FCN, even with the limited resources of the Jetson NX.
Therefore, the modular and highly parallelizable design of this model effectively avoids the obstacles
encountered in deeper sequence baselines.

The normalized radar chart in Figure 7b shows the deployment resource utilization. The model size of the multi-
scale CNN is 12.3 MB, peak memory usage is below 1 GB, and CPU utilization is limited to 25%. These features
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make it the optimal configuration for deployment. Each inference only requires 2.1 GFLOPs, which is much lower
than the LSTM-FCN benchmark of 6.5 GFLOPs and the Transformer’s 4.8 GFLOPs. In practice, the
aforementioned efficiency allows Jetson NX hardware to process over 220 samples per second, while
workstation hardware can handle over 1100 samples per second. Due to the relatively low combination of speed
and resource consumption, multi-scale CNNs can run on high-performance servers and resource-limited edge
devices, providing a solution for economically viable and scalable deployment platforms.

Figure 7c shows the stability of the method under interruption conditions. Multiscale CNN still performs well
under rapidly increasing data volumes, power fluctuations, and memory issues. Its accuracy decreased by less
than 1.5% from the ideal value of 98.8%, with a delay increase of only 3.0 milliseconds per sample. Compared
to the Transformer baseline and other models, LSTM-FCN has a relatively high accuracy of 97.1% and a low
latency of 5.1 milliseconds. The reliable results of multi-scale CNNs are also suitable for industrial streaming
architectures, such as SCADA and lloT platforms, to ensure the reliable real-time operation of practical
applications, even in the event of system issues [35].
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Figure 7. (a) Inference time comparison across hardware and batch sizes. (b) Radar plot of deployment resource requirements: model size,
memory, CPU load, FLOPs, and throughput. (c) Model accuracy and latency under dynamic load, power, and memory fluctuation.

Conclusion

This paper conducts a detailed study on robust fault diagnosis methods in modern industrial environments and
proposes a multi-scale convolutional neural network architecture for design, evaluation, and deployment. We
found that this model significantly outperforms other models in terms of accuracy and convergence behavior
during deployment. We compared the results of this model with those of some currently used deep learning
and hybrid baseline models. According to the experimental results, the multi-scale CNN is relatively easy to
implement on many types of hardware and performs well in the decision-making process. Feature analysis and
robustness validation indicate that the model is not easily affected by noise or data variations, making it suitable
for real-time diagnosis. All of this aim to create an automated industrial equipment intelligent fault detection
system that is scalable, reliable, and practical.
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Although it has had some positive impacts, the results are not perfect. The current model is mainly used for
discrete classification problems. Therefore, it may not be suitable for continuous value or multi-state monitoring
scenarios, which require more careful handling of time and dynamic behavior. Moreover, the current
experimental setup has not fully addressed some issues, such as rare event detection, domain transfer, and the
natural variations of industrial data in the real world. Supervised learning also requires high-quality labeled
datasets, which are often difficult to obtain or maintain on a large scale in production.

To overcome the aforementioned data scarcity issues, future research will focus on domain adaptation, active
learning, and semi-supervised learning strategies. By adding explainable Al components to improve model
transparency, we can help build trust and comply with regulations for high-risk applications. Increasing support
for sensor fusion, temporal adaptation, and cross-domain generalization is another summary of the framework.
This advancement will help strengthen the connection between robust deployment and academic innovation in
the development of smart manufacturing.
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