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Abstract

In the era of Industry 4.0 and intelligent manufacturing, accurately predicting and maintaining
production line faults is crucial in manufacturing. This study introduces a novel deep learning-based
adaptive fault prediction and maintenance strategy, overcoming limitations of traditional statistical and
machine learning methods in prediction accuracy and adaptability in complex environments. A new
prediction model is developed, incorporating a wide convolutional feature extraction module, a
customized gating module, and a multi-layered progressive extraction module. The model's process and
parameters, including fault stage division using Wasserstein distance and optimization with L2
regularization and neuron dropout, are detailed. An adaptive maintenance strategy for predictive fault
detection is established, enhancing precision in fault prediction and developing more effective
maintenance approaches, ultimately boosting production efficiency and reducing operational costs.
(Received in August 2023, accepted in October 2023. This paper was with the author 5 weeks for 1 revision.)
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1. INTRODUCTION

The advent of Industry 4.0, integrating artificial intelligence, big data, and machine learning,
has revolutionized intelligent manufacturing [1-5]. Production lines, central in this landscape,
directly affect efficiency, output, and economic performance [6-9]. Thus, precise fault
prediction and timely maintenance in production lines, utilizing these advanced technologies,
are essential [10-12]. Research into deep learning-facilitated, adaptive fault prediction and
maintenance for production lines holds significant value [13]. Deep learning allows for detailed
analysis of complex data, enabling accurate fault prediction, vital for enhancing efficiency and
quality, and developing proactive maintenance strategies to minimize production disruptions
[14-18]. Current studies primarily use statistical and traditional machine learning methods for
fault prediction, showing limitations in accuracy and adaptability in dynamic production
environments [19, 20]. Existing maintenance strategies also lack flexibility to adjust to real-
time conditions, limiting their effectiveness [21].

Addressing these gaps, this study presents a deep learning-based adaptive fault prediction
and maintenance strategy. It includes an adaptive fault prediction model integrating a wide
convolutional feature extraction module, a customized gating module, and a multi-layered
progressive extraction module, enhancing fault prediction accuracy. The model's process and
parameters, including fault stage division using Wasserstein distance and parameter
optimization through L2 regularization and neuron dropout, are detailed. An adaptive
maintenance strategy is also formulated, creating effective maintenance plans based on real-
time production line status, reducing losses and improving efficiency.

2. MODULES IN PRODUCTION LINE FAULT PREDICTION

In adaptive production environments, the deployment of numerous high-precision, high-
frequency sensors for fault monitoring generates a vast array of detailed operational data. The
complexity and diversity of this data present significant challenges for effective fault prediction.
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Addressing these challenges, this study introduces an adaptive model for production line fault
prediction, leveraging multi-scale convolution and multi-layered progressive extraction
techniques.

This model employs multi-scale convolution to capture the data’s diversity and complexity
across various temporal and spatial dimensions, thereby enhancing prediction accuracy. The
multi-layer progressive extraction process meticulously refines and concentrates features at
each level, augmenting the model’s ability to understand and assimilate deeper layers of
information, which in turn improves predictive efficacy. This architectural approach not only
simplifies the model’s complexity but also effectively prevents overfitting and strengthens its
generalization capabilities, optimizing fault prediction in adaptive production lines.

The model comprises three main modules: a wide convolutional feature extraction module,
a customized gating module, and a multi-layer progressive extraction module. The first-layer
wide convolutional module is specifically designed to extract features from high-frequency data
signals generated by sensors. It employs wide-kernel convolution to capture the breadth of data
at a superficial level and narrow convolutional kernels within this window to dissect deeper
semantic features of signal anomalies. This dual approach maximizes the use of sensor data,
enhancing the accuracy and reliability of fault prediction.

Each module consists of five basic units, incorporating a convolution layer, batch
normalization layer, activation layer, and pooling layer. These units form a layered structure
for progressive feature extraction, allowing the model to better learn and interpret the inherent
structure and patterns of the data. The convolution calculation formula employed within these
units, involving an input feature map matrix denoted as U, and a convolution operation
represented by @, is an integral part of this sophisticated feature extraction process.

Dk=(0[‘]u,k ®Uu+Nk] (1)

After the convolution computation, the activation function ¢ processes the obtained result,
thereby generating a new feature map Du.
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Figure 1: Structure of the customized gating module.

In adaptive production lines, handling multiple distinct fault prediction tasks is common,
each with unique characteristics and shared correlations. Traditional multi-task network models
often face imbalances, prioritizing some tasks over others, leading to "negative transfer" and
"seesaw problems." This study introduces a customized gating module (see Fig. 1) to mitigate
this issue. It features a gating mechanism and a shared expert network, combining a parameter-
sharing structure with a multi-gate mixed expert network.
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Figure 2: Gating network structure.

Fig. 2 presents the structure of the gating network. The fundamental principle is that the
gating module dynamically determines how much information each task obtains from the
shared expert network, thereby maintaining information sharing among tasks. Simultaneously,
the shared expert network allows each task to retain a degree of independence, preventing a
decrease in predictive performance due to excessive reliance on information from other tasks.
This mechanism enables the model to handle multiple tasks more balanced and reasonably,
enhancing the accuracy and robustness of fault prediction and better meeting the practical
demands of adaptive production lines. Assuming the task-specific expert sub-network for task
J is represented by (j, lj) and the shared expert sub-network for other tasks by (a, la), the
following formula expresses the feature processing layer Al(z) formed by the outputs of these
sub-networks in the multi-gate mixed expert network:

Ai(z)=|R},.R, R, RILRY - RY, | @)

]

The gating module, composed of a fully connected layer and a Softmax output layer, can
weight the input hi(z) of each fault prediction task with the outputs from the various sub-
networks of the multi-gate mixed expert network. Assuming the weights corresponding to the
sub-networks are represented by ¢i(z), the following calculation formula is applied:

h'(z)=q'(2)A'(2) (3)
By combining the initial input vector with the output vector of the expert network, the

different sub-network weights ¢(z) corresponding to a single fault prediction task can be
determined upon completion of network training, as follows:
q'(z)=Softmax{Q’z) (4)
In adaptive production lines with multiple, distinct fault prediction tasks, a model
architecture that balances information sharing and task independence is essential. This paper
introduces a multi-layer progressive extraction multi-task module, building upon a single-layer
customized gating module. It segregates the expert network into shared and task-specific
networks: the shared network handles common information across tasks, while the task-specific
network focuses on unique task information. An innovative progressive routing method allows
for effective information extraction and representation learning across layers. This coordinated
approach between shared and task-specific networks ensures a balance of information sharing
and independence, enhancing the model’s predictive accuracy.
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Assuming the input of task j at the k™ layer of the extraction network is denoted as hi*(z),
the weight corresponding to the expert sub-network when the input of task j in the k™ layer
extraction network is h*1(z) is represented by g*(h*(z)), and the selection matrix for task j
in the k" layer extraction network is denoted as Ai*(z). Finally, by combining the sub-networks
of the multi-gate mixed expert network, the sub-network for the next layer is obtained as:

V4@ =0t () ®

3. SIMULATION PROCESS AND PARAMETER SETTINGS

Utilizing the three key modules discussed earlier, this study's prediction model excels in multi-
task learning for diverse fault prediction tasks across various sensors and fault stages in adaptive
production lines, ensuring high accuracy.

The model begins by extracting low-dimensional feature vectors from sensor-collected
samples using a wide convolutional network, effectively reducing data dimensionality and
mining intrinsic features. It then employs Wasserstein distance analysis for fault stage
categorization, enhancing fault prediction and diagnosis accuracy under a multi-task learning
framework. In testing, sample dimensions are similarly reduced, and the trained model outputs
precise predictions and diagnoses of faults in adaptive production lines. Figure 3 illustrates the
training and testing process of this model.
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Figure 3: Training and testing process for adaptive production line fault prediction model.

In adaptive production lines, faults typically progress through multiple stages, each with
distinct features. To enhance fault prediction and diagnosis, this paper employs Wasserstein
distance to measure the similarity between samples from different stages, facilitating automatic
fault stage identification. By integrating fault stage information into the prediction model, it
gains a deeper understanding of data patterns, reducing the risk of overfitting associated with
single-task learning and improving fault prediction accuracy.

737



Pang: Adaptive Fault Prediction and Maintenance in Production Lines Using Deep Learning

Suppose the set of all possible joint distributions formed by combining probability
distributions O1 and O:2 is represented by 77(O1, O2). The following formula defines the
Wasserstein distance:

Fo(0..0,)= g~,|7'(\é'foz) RH\Z _tH] (6)

Sampling from 77(O1,02) produces (z, t)~¢, generating real samples z and synthetic samples
c. The distance between z and c can be represented by ||z-t||. Let the dataset sampled over the
entire lifecycle of adaptive production line faults be denoted as DS, with the u™" sampling point
represented by u, and the sampling endpoint by I, then there is:

DS = {DA1, DAz, -+, DA, ---, DA} (7)

In the process of dividing the stages of adaptive production line faults, four steps are
undergone:

Firstly, sample normalization. In actual production lines, data originate from multiple
different sensors with varying value ranges and units. Direct utilization of this raw data for
calculations might result in biases due to differences in units and ranges. Therefore, the first
step involves normalizing the samples, converting all data to the same scale. This not only
eliminates the impact of units but also avoids computational errors due to excessively large
value ranges.

This study sampled five equal-length samples within a fixed time period, as follows:

DA, =y (8)

DA, —1{5,,5,,53/54.55 | (9)

Secondly, the calculation of the Wasserstein distance between samples is required to
characterize the disparity in sample distributions between samples u and k. By computing the
Wasserstein distance among all samples, a distance matrix can be established, which intuitively
reflects the similarity between samples. Suppose the Wasserstein distance between the u™ and
ki samples is represented by quk, then there is:

Oy - Oy
Q=| : :[quqzi"'vqb] (10)

O~ O
Subsequently, the calculation of the Pearson correlation coefficient is essential. This
coefficient is a statistical metric that indicates the linear relationship between two variables. By
determining the Pearson correlation coefficient for each pair of samples, a correlation matrix is
constructed. This matrix aids in deepening the understanding of the interrelationships among

the samples. If the average distance of sample u from other samples is represented by qu’, and
that of sample k by g, the corresponding formula is as follows:

g = Z(qu_qu)(qk_qk)
Y -6 -a)

The correlation coefficient for all samples can be obtained through the following
expression:

(11)

g= {‘912 '323 e ’Sb—l,b} (12)

Finally, the minimum value of the correlation coefficient curve must be determined. In this
step, the point on the correlation coefficient curve with the smallest value is identified. The
coordinate of this point represents the fault stage to be divided, namely the initial fault
occurrence time y. As the smaller the value of the correlation coefficient, the lower the
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correlation between the two variables, the point corresponding to this minimum value
represents the division point of the fault stage.

y =arg min () (13)

In the variable and complex conditions of adaptive production lines, where data is often
noisy and contains outliers, the model's generalization ability and stability are crucial. To
address this, the study implements L2 regularization and neuron dropout mechanisms to
enhance stability and prevent overfitting. L2 regularization adds the L2 norm of parameter
weights as a penalty to the loss function, encouraging simpler models and reducing complexity.
This is particularly effective in fault prediction and diagnosis for adaptive production lines,
where data complexity can lead to overfitting. Consequently, L2 regularization aids in
improving the model's generalization capabilities.

l | |
)= 5| Sla(e)-tF +n3 e | (14
u=1 k=1
Assuming the number of samples is represented by I, the loss function by K(-), the samples
and corresponding labels by z and t, and the L2 regularization factor by #. The partial derivative
of the loss function with respect to the weight parameters is as follows:

oK(g) 14 n
O'(EL) ZTUZ:;(%(ZU)—R )Zuk +T¢k (15)

Suppose the learning rate is denoted by A. Further, for the optimization of parameters,
gradient descent updating is performed:

oK I A<
¢k _>¢k _i‘—(qj) :(1__77)% __Z(g¢(zu)_tu )Zuk (16)
O-@ I I u=1
It can be observed that with the addition of the regularization term, the rate of parameter
update becomes slower, as follows:

1—@4 (17)

The neuron dropout mechanism is a key method to boost a model's stability, particularly
useful in fault prediction and diagnosis for adaptive production lines with complex and variable
conditions. By randomly deactivating a portion of neurons during training, it reduces the
model's dependency on specific neurons, enhancing stability and robustness. This is crucial in
adaptive production lines, where data distribution can change, and over-reliance on certain
neurons could diminish predictive performance. The neuron dropout mechanism thus
effectively improves the model's robustness.

XL(lm+1) _ qL(lm+1)tm + n(m+1) (18)

tl(jm+1) _ d(XL(Jm+1)) (19)

The structural changes of the network after introducing the neuron dropout mechanism can
be characterized by the following expressions:

e(™ ~ Bernoulli(o) (20)
F(mi) _ gl ) 1)
X[(Jm+1) _ q5m+1)’t‘m + n£m+l) (22)
tL(]m+1) -d (X£m+1)) (23)
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Figure 4: Functional process flowchart of the adaptive production line fault predictive maintenance
system.

It can be observed that some weights are deactivated during the current round of training
after undergoing processing.

Fig. 4 illustrates the process flowchart of the adaptive production line fault predictive
maintenance system, which generates a strategy based on the line's real-time status. The steps
include:

(1) Using the fault prediction model to identify potential fault locations and equipment.

(2) Prioritizing these locations and equipment based on fault impact and occurrence
probability.

(3) Developing a maintenance plan detailing timing, location, and method.

(4) Executing real-time maintenance according to the plan and priorities.

(5) Feeding maintenance results back into the model to refine its accuracy.

This adaptive maintenance strategy not only minimizes downtime and boosts production
efficiency but also continually enhances the fault prediction model's accuracy, stabilizing
production line operations.

4. EXPERIMENTAL RESULTS AND ANALYSIS

Fig. 5 shows a schematic of fault stages in adaptive production lines, with the horizontal axis
representing sample number and the vertical axis indicating the Wasserstein distance
correlation coefficient. A significant change at the 82" sample point marks a fault occurrence,
demonstrating the model's effectiveness in distinguishing between normal and faulty states
using Wasserstein distance.
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Fig. 6 displays the RMS fault stage, where RMS values remain low until a notable increase
after the 82" sample point, indicating a fault or anomaly. This increase often signals a negative
shift in the equipment's operational state, such as wear or faults, and serves as an early warning
for maintenance. The model's ability to provide early alerts helps reduce downtime and
maintenance costs, boosting production efficiency and equipment reliability.

Table | compares the performance of various fault prediction models across three
production lines. The deep learning-based adaptive model proposed in this paper outperforms
others (MMOE Model, CNN, First-Layer CNN, and BP Neural Network) in predictive RMSE,
with values of 5.48, 7.23, and 9.64, and classification accuracy rates of 97.25 %, 97.85 %, and
96.89 % on the respective lines. These results demonstrate the model's superior accuracy and
consistent reliability over 96 % across all lines. Thus, this model excels in both predictive RMSE
and classification accuracy, offering more precise fault predictions, reducing downtime, saving
repair costs, and enhancing production efficiency.
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Figure 5: Schematic diagram of fault stages in adaptive production lines.
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Figure 6: RMS fault stage in adaptive production lines.
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Table I: Comparative performance of equipment fault prediction of three production lines in the dataset.

Production line 1| Production line 2 | Production line 3
The prooosed model Predictive RMSE 5.48 7.23 9.64
prop Classification accuracy 97.25% 97.85 % 96.89 %
Predictive RMSE 5.69 7.26 13.25
MMOE model - csification accuracy | 95.36 % 95.86 % 95.24 %
CNN Predictive RMSE 7.89 14.25 11.26
Classification accuracy 94.52 % 96.32 % 92.47 %
. Predictive RMSE 7.68 13.28 21.47
First-Layer CNN &1 ssification accuracy 94.56 % 96.38 % 94.58 %
Predictive RMSE 12.36 22.58 25.36
BP Neural Network 1, ification accuracy | 92.33 % 93.44 % 88.56 %

Table 11: Comparative experimental results for different prediction tasks.

Task Production line number | Average RMSE RMSE _s.te}ndard
deviation

1 5.48 1.12

Fault prediction 2 7.23 2.61

3 9.68 1.85

1 6.23 0.89

Fault stage determination 2 8.12 2.63

3 12.36 1.95

Fault di is + Faul 1 4.98 2.31

ault diagnosis + Fault stage 5 1263 195
determination

3 16.32 451

The data provided in Table Il displays the experimental results for different prediction tasks-
fault prediction, fault stage determination, and a combination of fault diagnosis and fault stage
determination-across three different production lines. The effectiveness of the model can be
evaluated through an analysis of the average RMSE and RMSE standard deviation. In the fault
prediction task for the three production lines, the model's average RMSE values were 5.48, 7.23,
and 9.68, respectively, indicating a high level of accuracy in fault prediction. Simultaneously,
the RMSE standard deviations were 1.12, 2.61, and 1.85, indicating good stability in prediction
results for Production lines 1 and 3, while line 2 was somewhat less stable. In determining
different stages of faults, the model's average RMSE on each production line increased to 6.23,
8.12, and 12.36, respectively, reflecting that the increased complexity of the task may lead to a
decrease in predictive accuracy. The RMSE standard deviations remained broadly consistent
with those in the fault prediction task, suggesting that the stability of prediction results was not
significantly impacted by the increased complexity of the task. In the combined task of fault
diagnosis and fault stage determination, Production line 1 showed improved model
performance, with the average RMSE decreasing to 4.98, but the RMSE standard deviation
increased to 2.31, indicating that although average predictive accuracy improved, the variability
of results also increased. For Production lines 2 and 3, the average RMSE values significantly
increased to 12.63 and 16.32, respectively, and the RMSE standard deviations also substantially
rose, highlighting challenges in predictive stability and accuracy in more complex tasks. From
this data analysis, it can be concluded that the deep learning-based adaptive production line
fault prediction model proposed in this paper performs well in the sole task of fault prediction,
demonstrating high accuracy and stability.
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From the above figure, a comparison can be made between the prediction results under two
different task settings: "Fault prediction” and "Fault diagnosis + Fault stage determination.” In
the figure, two curves can be observed: one representing the actual data of fault severity, and
the other representing the fault severity values predicted by the model. It is evident that, in most
of the time series, the two curves closely follow each other, indicating that the model is able to
predict the actual events with high accuracy most of the time. At the fault maintenance points,
the two curves show some deviations. The conclusion can be drawn that the prediction model
can consistently match the actual data accurately prior to the occurrence of faults, demonstrating
the model’s good understanding and predictive ability under normal operational conditions.
The fault maintenance strategy has been effective in mitigating the severity of faults. The
maintenance strategy of the proposed model provides timely intervention in fault maintenance
for adaptive production lines, helping to prevent production losses and reduce downtime.
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Figure 7: Comparative prediction results under two different task settings.

5. CONCLUSION

This paper has successfully designed a deep learning-based adaptive production line fault
prediction model. This model utilizes a wide convolutional feature extraction module, a
customized gating module, and a multi-layer progressive extraction module. These modules
combined enable more accurate capture of the characteristics of equipment operational data and
prediction of potential faults. To segment fault stages, the model employs a method based on
Wasserstein distance, and it also uses L2 regularization and neuron dropout mechanism to
enhance the accuracy and stability of predictions. Finally, an adaptive maintenance strategy for
predictive fault detection in production lines is proposed, formulating maintenance plans based
on real-time status to strategically reduce production losses and increase efficiency.
Experimental results indicate that the model proposed in this paper achieved lower RMSE
values and higher classification accuracy in fault prediction tasks across different production
lines, outperforming MMOE models, CNN, first-layer CNN, and BP neural networks. In tasks
involving fault stage determination and the more complex fault diagnosis plus fault stage
determination, the model faced greater challenges but still demonstrated good predictive
accuracy on some production lines, indicating its adaptability. Comparative analysis of model
predictions and actual fault data showed that the model closely matched actual data across most
time series, while rapidly adjusting its output during faults to align with new data patterns.
The deep learning-based adaptive production line fault prediction model introduced in this
paper demonstrates high accuracy and robustness, surpassing several existing models in fault
prediction tasks and showing feasibility in complex tasks. By incorporating advanced feature
extraction modules, fault stage division methods, and model optimization techniques, an

743



Pang: Adaptive Fault Prediction and Maintenance in Production Lines Using Deep Learning

effective strategy for fault prediction and preventive maintenance was successfully proposed.
This strategy not only reduces potential downtime and losses in production lines but also
provides a theoretical and practical basis for intelligent maintenance in adaptive production
lines, holding significant importance for the development of intelligent manufacturing systems
in the context of Industry 4.0.
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