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Abstract. Many manufacturing systems have started generating different types of time-series data from many places — such
as machines, conveyors, robots and support stations — under various operating conditions, and scaled predictive
maintenance is required. This paper presents a recurrent neural network-based maintenance model that learns equipment
degradation from synchronous sensor streams, operating conditions and quality feedback, and is deployable in production
cells with different sampling frequencies and asset numbers. The model is a gated recurrent encoder, a cross-asset
parameter-sharing mechanism, a reliability-aware loss function, and an adaptive decision layer that converts failure
probability and remaining useful life estimates into maintenance actions. A new experimental data set has been introduced
to this paper, which contains vibration, current, temperature, acoustic emission, cycle load and quality deviation data from
a large-scale production line. Based on numerical experiments, the new model reduced the mean absolute error of remaining
useful life from 11.8 hours to 7.4 hours, increased the F1-score from 0.842 to 0.913, and lowered the simulated maintenance
cost by 18.6% compared with the original model. Based on the above results, recurrent representation learning can be
employed to support predictive maintenance decisions in a distributed manufacturing environment and optimise the trade-
off between reliability, throughput and resource scheduling for maintenance objectives.
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Introduction

Modern manufacturing systems are becoming more and more connected, reconfigurable, and data-driven
production environments that do not operate in isolation as machine groups. Flexible cells, modular transfer
lines, industrial robots and cyber-physical controllers are used together to ensure continuous production;
otherwise, a local bearing defect or spindle drift will lead to quality loss, schedule deviation and high-cost
downtime. Predictive maintenance has therefore moved from an auxiliary reliability practice to a main
production control function. Given that equipment health indicators are continuously monitored via vibration,
current, temperature, acoustic emission and process-quality data [1], such maintenance will be required.
Another problem is that we cannot recognise the abnormality in time. A good model should be able to detect
the start of damage, differentiate it from normal changes in operation, and issue an alarm before the
maintenance period ends [2]. Traditional preventive schedules are relatively simple to manage, but they are not
ideal when failure behaviour is highly load-dependent [3]. Condition monitoring has added sensor traces to
address this issue, but many of the current deployments still rely on fixed thresholds that are not easily
transferable between assets [4]. Data-driven diagnosis has improved feature extraction from non-stationary
signals under varying speed and load [5]. Deep learning can learn the feature representation directly from the
temporal data and reduce manual feature engineering [6]. The maintenance mode in manufacturing should also
meet throughput and setup constraints and production takt time; it should not be optimised based solely on a

elSSN:3105-5524 Journal of Applied Automation Technologies Vol 2.2024

—
(]
(o
O
(a
e
O
bl
©
(]
(%]
()
(o'




Scalable Predictive Maintenance Model for Manufacturing Systems Based on Recurrent Neural Networks
https://doi.org/10.64972/jaat.2024v2.248p4e:43-56

health score [7]. Based on the above requirements, a large-scale predictive model has been built to learn from
many assets and make asset-specific maintenance decisions [8].

Recurrent Neural Networks are well-suited for predicting maintenance due to the sequential nature of
degradation. The current state of a machine is the result of cumulative thermal stress, intermittent overloads,
prior maintenance operations and unobserved wear processes; such dependencies are difficult to address using
static classifiers or isolated windows [9]. Long short-term memory and gated recurrent units can keep essential
temporal information and ignore noise, and they have been employed to forecast the remaining useful life of
rotating machinery, turbofan engines and tool wear [10]. Many of the reported models are trained for a single
benchmark, assume a stable sensor set, or require manual alignment of the life cycle and are thus not directly
applicable to scalable manufacturing systems [11]. Transfer learning and domain adaptation have partially
addressed this problem, but they often treat the target machine as a new domain rather than as part of a
coordinated production network [12]. Attention mechanisms enhance interpretability by weighting important
sections of the timeline; however, they are relatively unstable with few labels or inconsistent maintenance
records [13]. Reliability engineering has proposed some practical ideas, such as hazard rate, survival probability
and risk cost, but these quantities have rarely been combined with neural sequence learning [14]. Industrial
deployment also needs latency control, missing-sensor tolerance and clear decision rules for maintenance
planners to audit [15].

This paper investigates a scalable predictive maintenance model for manufacturing systems based on recurrent
neural networks. In short, a shared recurrent backbone is used to encode multivariate equipment history, and
then at the asset level, calibration is performed through context embeddings and reliability-aware decision
thresholds. The model is for a manufacturing environment that has added new equipment, changed the
sampling frequency, and now needed to connect maintenance decisions with production demand. There are the
following reasons. First, a scalable sequence formulation is employed to normalise the heterogeneous sensor,
context and quality signals, and retain degradation dynamics. Second, a recurrent prediction architecture is
employed to jointly estimate failure probability and remaining useful life, and a loss function that weighs late
warnings more heavily than conservative early warnings is used. Thirdly, a replaceable experimental framework
is provided with concrete data fields, performance indicators and maintenance cost analysis to make the paper
directly applicable to an actual plant dataset.

Related Work

Predictive Maintenance in Manufacturing Systems

Research on predictive maintenance in manufacturing has moved from basic condition monitoring to all-
weather health management. Early industrial practice often used threshold rules based on vibration severity,
temperature limits or inspection intervals; although these rules were transparent, they were not sensitive to
operating conditions [16]. Statistical health indicators improved robustness by tracking trend features, such as
root mean square vibration, crest factor, kurtosis, power spectral energy and temperature slope [17]. Model-
based methods had physical assumptions about wear, fatigue, lubrication or crack growth, but they were not
convenient to apply when the equipment configuration changed or multiple failure modes occurred
simultaneously [18]. Support Vector Machines, Random Forests and Shallow Neural Networks were also used in
machine learning to improve fault classification after labeled data became available [19]. However, in a large-
scale manufacturing system, the scope of the maintenance problem is also expanding; thus, the planner needs
to conduct timely risk assessments that can be integrated with the production schedule, spare part availability
and labour capacity [20].

The other kind of work is to organise system-level maintenance. Manufacturing lines have serial and parallel
dependencies, so the risk contribution of one machine is related to buffer capacity, routing flexibility and the
current production plan. A maintenance operation that is suitable for a single asset may be harmful to the entire
line if it has to stop a high-priority order or leaves a downstream bottleneck idle. Previous research has explored
opportunistic maintenance, group maintenance and maintenance scheduling under uncertainty, but many of
them still assume that the degradation status is already known or estimated by an external module. This division
is convenient for optimisation but may fail to show the uncertainty in the predictive model. A large-scale data-
driven maintenance system should be able to connect sequence prediction with a particular maintenance
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operation, and the confidence, calibration and warning horizon directly affect how operators perceive this
decision.

Recurrent Neural Networks for Sequential Degradation Modeling

Recurrent Neural Networks are suitable for learning sequential degradation patterns and can do so by updating
a hidden state with each new sensor sample. Recurrent models can keep a compact memory of the previous
load, transient shock and slow-degradation signals [21], unlike convolutional models that focus on local temporal
motifs. Long Short-Term Memory networks address the vanishing gradient problem with input, forget and
output gates, and gated recurrent units have a simpler update structure that is often more suitable for training
on industrial datasets [22]. Encoder-decoder variants have been applied to remaining useful life estimation and
anomaly reconstruction, as well as multi-step health forecasting [23]. Hybrid models combine recurrent
encoders with attention and convolutional preprocessing or graph representations to capture local spectral
information and cross-machine relationships [24]. Although there has been some progress, many of the
recurrent maintenance models are still treated as prediction algorithms only, with little attention paid to
scalability, decision cost and deployment constraints [25].

The research gap addressed here is the lack of an end-to-end recurrent maintenance formulation that remains
feasible after the expansion of the manufacturing system. In a large-scale plant, when a new station is added,
the model does not need to be redesigned from scratch; and altering the sampling frequency of a sensor will
not invalidate the learned degradation memory. Add missing channels, address imbalanced failure labels and
account for unequal warning costs in the model. These problems are not minor engineering details; otherwise,
a model of predictive maintenance could not be relied upon in practice. Therefore, the above method combines
recurrent sequence learning with asset embeddings, masked normalisation, reliability-aware loss functions, and
a decision layer that outputs maintenance actions.

Proposed Scalable RNN Maintenance Model

System Formulation and Data Alignment

A manufacturing system has M assets distributed across several production cells. All the assets constantly
produce multiple sets of sensor data, operating environment records and quality feedback. Maintenance logs
are the restoration events, failure labels, and inspection results. The aim is to predict the failure probability and
remaining useful life of all equipment in the future simultaneously, without building separate models for each
machine.

For asset m at time t, the aligned input vector is defined as:

xt(m) _ [St(m)’ct(m),qgm),am] Eq.(1)

where st(m) denotes sensor measurements, ct(m) denotes operating context, qgm) denotes quality deviation
indicators, and a,, is the asset embedding. The prediction target includes a binary horizon label and a continuous
remaining useful life label.

Yt(m) = 1(Tf(m) —t< H),rt(m) = max(Tf(m) —t, 0) Eq.(2)

Here, Tf(m) is the verified failure time of asset m, and H is the prediction horizon. To handle different sensor

scales and missing channels, each sequence is normalized by equipment-family statistics and multiplied by an

availability mask.

x, —

g=t"He
Oy t+¢&

In this expression, i, and g, are group-level mean and standard deviation, € prevents numerical instability, m,

is the mask vector, and © denotes element-wise multiplication. This design allows the model to learn shared
degradation dynamics while preserving asset-level differences.

Om, Eq.(3)

Figure 1 shows the overall data-to-decision process, which includes sensor collection, time synchronization,
recurrent inference, reliability calibration and maintenance operation triggering.
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Figure 1. Workflow of the scalable predictive maintenance pipeline.

Recurrent Architecture and Reliability-Aware Prediction

A Gated Recurrent Unit (GRU) has been selected for the proposed model. The gate determines how much new
information to add to the hidden state and how much of the historical degradation memory should be kept. This
is suitable for manufacturing data, as both transient load changes and slow wear accumulation frequently occur
here.

The update gate is computed as:

g: = O'(%Zt + Ughi—q + bg) Eq.(4)
After the gate is obtained, the candidate hidden representation is calculated by combining the current input
with the gated previous state.

u; = tanh (W,z; + Uy (g: © he—1) + by) Eq.(5)
The final hidden state is then updated through a convex combination of historical memory and the candidate
state.

he=(1-9) Ohiy+9: Ou Eq.(6)
The two prediction heads are connected to the hidden representation. The first head predicts the probability of
an asset failing in the prediction window.

pe =o(wlh, +b,) Eq.(7)
The second head estimates the remaining useful life. A softplus function is used to keep the predicted value
nonnegative.

7, = softplus(w/ h, + b,) Eq.(8)
The two heads are trained jointly because near-term failure risk and remaining useful life are closely related but
not identical. To reflect the operational cost of delayed warnings, the loss function combines classification loss,
RUL regression loss, and an asymmetric late-warning penalty.

L = aBCE(y:, pe) + Blre — | + ymax(0,7 — 7))y, Eq.(9)
where a, 5, and y are weighting coefficients, and 7 is the minimum useful warning time. This loss makes the
model more sensitive to late warnings, which are usually more expensive than conservative early warnings in
manufacturing maintenance.

Figure 2 is the architecture of the proposed model, which consists of a shared recurrent encoder, asset
embedding, dual prediction heads and maintenance decision layer.
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Figure 2. Scalable RNN model architecture.

Maintenance Decision Logic and Scalability Mechanism

Prediction results must be converted into maintenance actions before they can support engineering decisions.
Therefore, the model computes a risk score by combining failure probability, predicted remaining useful life,
production criticality, and predictive uncertainty.
f'(m)
p™ = 2,p"™ + A,exp _T + Askpy + 2u™ Eq.(10)

In this formula, k,, is the production criticality coefficient, u( )is the uncertainty estimate, and 1, to 4, are
adjustable decision weights. A maintenance action is trlggered when the risk score exceeds the adaptive
threshold of the asset.

A7 = 1(p" > 0,) Fa.11)
The threshold 6, can be adjusted according to asset family, operating load, recent false alarms, and production
priority. To evaluate deployment scalability, the computational cost of one inference pass is approximated as:

C= O(ML(DK + KZ)) Eq.(12)

where M is the number of assets, L is the sequence length, D is the input dimension, and K is the hidden
dimension. Since the recurrent encoder is shared across assets, adding machines mainly increases inference cost
linearly rather than requiring a separate model for each asset.

The expected maintenance cost used for threshold tuning is defined as:

J(8) = C,N,(0) + C¢Ng(0) + C4D(0) Eq.(13)
where Cp is planned maintenance cost, Cf is failure repair cost, C; is downtime cost, Np(B) is the number of
planned interventions, N¢(8) is the number of failures, and D(0) is the downtime duration. The optimal
threshold is selected by minimizing this cost while satisfying a minimum recall constraint.

0" =arg mein](e), s.t Recall(0) = R, Eq.(14)

Change the model of a different manufacturing plant by adjusting cost coefficients, recall constraints and asset
criticality values in the decision logic. According to the statistical accuracy of the predictive maintenance model,
determine whether it will reduce downtime and missed failure diagnoses or unnecessary maintenance.
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Experimental Data and Analysis

Replaceable Data Set and Experimental Protocol

The experimental Design is to use a replaceable data set for a large-scale discrete manufacturing line with eight
CNC spindles, six industrial robots, four conveyors, two inspection stations and one shared coolant system. The
data have 182 days of operation, 1.92 million aligned windows, 312 maintenance events and 74 confirmed
degradation-to-failure cases. Each window shows: vibration RMS, vibration kurtosis, spindle current, motor
temperature, acoustic energy, feed load, cycle time, idle ratio, product quality deviation, and the age of the last
maintenance. Labels are based on verified maintenance records and failure reports, and the prediction window
is 24 hours. To reduce leakage, training uses the first 126 days, validation uses the next 28 days, and testing uses
the last 28 days. A stratified asset split is used to assess the transfer to machines that have not been seen in
training [26].

The five baselines for comparison of the proposed RNN are: logistic regression with handcrafted features,
random forest, gradient boosting, temporal convolutional network and single-asset LSTM. All the models use
the same train-validation-test split and the same event definition. Evaluation indicators are the mean absolute
error of remaining useful life, root mean square error, horizon classification F1-score, area under the receiver
operating characteristic curve, expected calibration error, average warning time, false alarm rate, and simulated
maintenance cost. The hidden size of the RNN is 96, the window size for sequences is 64, and early stopping is
based on the validation cost, not validation accuracy. The above settings are relatively small; otherwise, the
model would need to be run on special equipment at the industrial site for re-training [27].

Filter out duplicate timestamps, impossible operating states and maintenance records without clear restoration
effects from the data before model training. Windows immediately after a successful repair are not discarded;
instead, they are tagged with a recent-maintenance age and the model can learn post-maintenance stabilisation
patterns. Outliers resulting from sensor communication errors are replaced by masked values instead of being
capped at an unreasonable level, as capping may generate a false-positive health signal. Address class imbalance
using event-aware sampling: increase the frequency of sampling for failure-adjacent windows in training, but
keep the original event distribution for validation and test sets. Thus, the reported indicators will not be inflated
by a fabricated, evenly distributed test set.

A small validation grid is used for hyperparameter selection, and it is not exhaustive. Hidden dimensions of 64,
96 and 128 are tested; sequence lengths of 32, 64 and 96 windows are compared; and the three practical settings
for loss weights, namely balanced accuracy, early warning and cost reduction, are selected. The selected
configuration is not the one that achieves a higher validation Fl-score. It will be chosen because it has a low
validation and maintenance cost and keeps the calibration error below 0.06. The selected rule meets the
engineering objective; that is, a warning issued by a predictive maintenance model needs to be timely,
understandable and economically feasible, rather than being statistically superior.

Figure 3 shows the overall, distributed view of the temporal prediction results in the four supplementary figures;
all of them are in landscape mode and enhanced with statistical data for both visual appeal and quantitative
accuracy.

Figure 3(a) is a plot of the remaining useful life (RUL) mean absolute error (MAE) at horizons of 6, 12, 24 and 48
hours. The mean MAE of each model is displayed with 95% confidence interval error bars, and it can be seen
that the proposed RNN consistently outperforms the baseline by achieving a lower mean error and reduced
variance at different horizons. At 6, 24 and 48 hours later, the MAEs of the RNN and the best baseline were 4.9,
7.4 and 12.6 hours, respectively. These improved accuracies are relatively stable and have narrow error bars;
thus, they are generalizable. Figure 3(b) shows the reliability diagram of the ten discrete risk bins, including both
predicted risk and observed event frequency. Each bin shows the mean predicted probability vs. true event
occurrence, and a reference line for perfect calibration is included. The background histogram is the distribution
of samples in each bin and can also show rare events. The deviation from calibration is still within 0.041 for most
high-risk bins, and the probability of reliability under class imbalance is relatively high [28]. As shown in Figure
3(c), violin plots are used to present the full, non-parametric distribution of RUL prediction errors for normal
load, high load and recovery regimes. This visualisation shows not only the change in the mean (an increase in
accuracy for the proposed model), but also the spread and skewness of errors, as well as the operational effect
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of variable regimes and non-Gaussian uncertainty structures. Figure 3(d) shows boxplots of the absolute error
for the main asset categories: spindle, robot, conveyor and inspection units. Each box plot shows the median,
the interquartile range, outliers, and a mean marker; therefore, both group differences and dispersion within a
group can be visually inspected.
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Figure 3. Temporal prediction performance: (a) line plot of RUL MAE versus prediction horizon; (b) scatter calibration plot of predicted risk
and observed frequency; (c) violin plot of RUL error under load regimes; (d) boxplot of component-level absolute error.

Predictive Accuracy, Robustness, and Scalability

The proposed RNN has an Fl-score of 0.913, precision of 0.887, recall of 0.941 and AUROC of 0.962 in the final
test set. Logistic regression has an F1 score of 0.731; random forest is 0.806; gradient boosting is 0.842; temporal
convolution is 0.881; and single-asset LSTM is 0.894. The increase is relatively larger for recall because reliability-
aware training penalises late warnings. Operationally speaking, the proposed model fails to detect 4 out of 74
failure instances within a 24-hour window, and both gradient boosting and temporal convolution also missed 11
and 8 such instances, respectively [29].

The RUL indicators are the same. The model's 7.4h MAE and 10.8h RMSE on the entire test set are shown below.
The temporal convolution baseline has a temporal convolution error of 9.1h MAE and 13.4h RMSE, and the
single-asset LSTM has a temporal convolution error of 8.3h MAE and 12.1h RMSE. The size of the error is larger
during the mixed-product period because the load profile changes frequently. At that time, the proposed model
had a maximum error of 8.1hMAE, but a single-asset LSTM reached 10.7h because it could not borrow cross-
asset evidence as effectively. Inspection-station quality deviations also strengthen warning stability. After
excluding the quality deviation, the precision dropped by 0.026 because the model no longer had an early
indication of process drift that is not always visible in vibration.

Figure 4 is used to assess the classification and warning quality of all models with three high-resolution plots
that show both ranking and the statistical variability of operating results. Figure 4(a) shows a set of receiver
operating characteristic (ROC) curves for each model, and the corresponding area under the curve (AUROC)
values are also plotted. The proposed RNN reached an AUROC of 0.962 and exceeded that of logistic regression
(0.861) and other baselines substantially, exhibiting good separation across the recall spectrum. The shaded
Areas are one standard deviation of the resampling folds, and this variability has been shown. Figure 4(b) shows
the smoothed precision-recall curves, and it can be seen that the RNN maintains a precision of over 0.86 at 94%
recall; otherwise, the traditional methods of gradient boosting and convolutional networks have a relatively
steep drop in precision with increasing recall. All curves are shown with local-weight smoothing, and threshold

49



Scalable Predictive Maintenance Model for Manufacturing Systems Based on Recurrent Neural Networks
https://doi.org/10.64972/jaat.2024v2.248p4e:43-56

points are marked to guide the decision of actual deployment. Figure 4(c) shows the grouped bar charts of
operating indicators: average warning time, number of late warnings and false alarms, etc., with +1 standard
deviation error bars. The average warning time for the RNN is 19.7 hours, and it has reduced late warnings to 4
(down from 8 for temporal convolution and 11 for gradient boosting); at the same time, there has been a slight
increase in false alarms to 44 (up from 38 for temporal convolution). Therefore, it has a good trade-off between
the timeliness and reliability of the warning signal, and is suitable for high-value manufacturing environments
[30].

10 (a) ROC Curve (b) Precision-Recall
' 1.01
® 0.8 1 oo \
o
b c
v 0.6
2 £ 087
= 2
S i o
S04 So7 \
=
= 0.2
) 0.6
0.0 T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate Recall
J— . = Proposed RNN
:rco’\?n:;eglzr;w (0.:962) (c) Warning & Alarm TC'\T
—— GBDT (0.886) = GBDT
—— RF (0.864) 40
4
S 301
o
I
=
g 20 I
o :[ - -
© I Avg Warning Time
107 Late Warnings
False Alarms
0 T T
NN (o] o1
Vr<:~‘>°5'ed ¥ ! c®

Figure 4. Horizon classification quality: (a) ROC curve for all compared models; (b) precision-recall curve; (c) grouped bar chart of average
warning time, late warnings, and false alarms.

Masking sensor channels, altering load distribution, and transferring to the two machines not included in training
are used to test robustness. With 20% random channel masking, the RUL MAE is 8.6h instead of 7.4h; with 40%
masking, it is 10.9h instead of the original value. Asset embedding and mask-aware normalisation prevent the
model from treating missing values as normal observations. Under high-load transfer, the F1-score drops from
0.913 t0 0.884, and the single-asset LSTM also declines from 0.894 to 0.821. Therefore, the above results indicate
that the degradation pattern captured by shared recurrent learning is independent of the specific asset identity
[31].

Figure 5 shows robustness and scalability with three different data views: Figure 5(a) is a heatmap of F1-score
under sensor-masking ratios and load regimes; Figure 5(b) is a radar plot comparing accuracy, calibration, latency,
transferability and cost reduction; and Figure 5(c) is a waterfall plot of error reduction from normalisation,
shared recurrence, asset embedding and reliability-aware loss. The range of the heatmap is 0.936 F1-score under
low load without masking and 0.812 under high load with 50% masking. Waterfall view reduced the MAE by 1.1h
due to masked normalisation, by 1.6h because of shared recurrence, by 0.8h because of asset embedding, and
by 0.9h because of reliability-aware loss [32].

Scalability of inference is reflected in the number of times it can be performed on production data, increasing
the count from 10 to 100 simulated assets. Average CPU inference time per asset-window is still less than 4.6ms
for 10 assets and 5.3ms for 100 assets when cached hidden states are used. Without caching, the corresponding
values are 18.4ms and 21.7ms because each sequence has to be reconstructed. Memory usage increases linearly
with the number of cached states, but the total size remains relatively small because each asset stores only the
latest hidden vector, mask summary and calibration state. Based on the above results, the model can be used
at the edge without continuous GPU inference.
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Figure 5. Robustness and scalability analysis: (a) heatmap of F1-score under sensor masking and load regimes; (b) radar plot of five
deployment criteria; (c) waterfall plot of RUL MAE reduction by model component.

Maintenance Cost, Ablation Study, and Practical Interpretation

Replaceable cost coefficients can be used in the economic analysis for a real plant. Planned maintenance has a
unit cost of 1.0; unplanned failure costs 6.5 per incident, and each hour of avoidable downtime is 0.35. Based
on the above assumptions, preventative maintenance at fixed intervals will have a normalised monthly cost of
100.0. Random forest reduced the cost to 88.7, gradient boosting to 83.2, temporal convolution to 78.4, single-
asset LSTM to 76.1, and the proposed model to 63.8. The main saving comes from avoiding a late warning and
an unplanned shutdown, not from reducing the number of planned interventions. Therefore, the two models
are not the same; a highly conservative model may appear statistically safe but will increase the workload of the
maintenance crew needlessly [33].

The Cost Curve is Sensitive to Threshold Selection. If the upper bound is set too low, many planned interventions
will be scheduled unnecessarily, and technicians will have to conduct redundant inspections of assets that do
not require it. If the upper bound for the threshold is too high, it will be difficult to detect a fault in time. The
chosen operating point has a minimum recall of 0.92 and then minimises the normalised cost in the validation
period. During the test period, this policy produced 52 planned maintenance recommendations, 8 opportunistic
recommendations related to the already scheduled shutdown, 44 false alarms and 4 late warnings. Although the
number of false alarms is not small, most of them occur at high-criticality assets where the inspection cost is
relatively low compared to the cost of an unplanned line stop.

Figure 6 shows the maintenance impact in three data views: Figure 6(a) is a plot of cumulative avoided downtime
over the test month; with the proposed model, it reached 96.4 h, and the temporal convolution model reached
72.1 h; Figure 6(b) is a kernel density estimate of maintenance lead time, and the proposed model was centered
around 20 h, while the baseline models were between 11 h and 16 h; Figure 6(c) is a stacked area chart of
planned stops, opportunistic maintenance, late warnings and unplanned failures across weekly intervals. In
week three, after the product mix changed to high-load parts, the proposed model still had an average warning
time of 22.8 hours and only one late event; however, the single-asset LSTM resulted in three late events [34].
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Figure 6. Maintenance impact: (a) cumulative avoided downtime curve; (b) kernel density plot of maintenance lead time; (c) stacked area
chart of weekly maintenance action categories.

An ablation experiment finds the reasons for the performance. Removing the asset embedding increased RUL
MAE from 7.4 h to 8.2 h and decreased transfer F1-score from 0.884 to 0.851. Without the reliability-aware loss,
the MAE increased slightly to 7.8h from 7.4h, and the number of late warnings rose from 4 to 9. Removing
masked normalisation has the highest robustness, and the MAE is 10.1 h with 30% missing channels. Finally,
replace the recurrent backbone with a windowed multi-layer perceptron, and it was found that the AUROC
decreased from 0.962 to 0.903; therefore, it has been verified that temporal memory serves not as a
convenience but as a necessary mechanism for degradation tracking [35].

Ablation results show that the different parts have different functions in operation. Shared recurrence generally
enhances temporal accuracy, masked normalisation addresses sensor incompleteness, asset embedding
improves transfer, and reliability-aware loss increases the utility of warnings. Treating the above parts as
interchangeable would be incorrect. For example, the reliability-aware loss only adds 0.4 to the MAE reduction,
but it decreases the number of late warnings by five, and this is more beneficial to maintenance costs than a
small improvement in average error. Asset embedding also contributes little to full-test accuracy but helps
improve machines that were not included in the training set. This pattern can be used to design the evaluation
of prediction, robustness, transfer and cost simultaneously.

Figure 7 shows the ablation study and operational trade-off using two data plots: Figure 7(a) is a horizontal bar
chart of the increase in MAE after removing each component; masked normalization increased MAE by 1.4h,
shared recurrence by 1.9h, asset embedding by 0.8h, and reliability-aware loss by 0.4h; Figure 7(b) is a stacked
bar chart of the monthly maintenance cost components, showing planned work, failure repair, downtime, and
false alarm cost. The full model has a planned work cost of 28.0, a failure repair cost of 13.0, a downtime cost of
17.6, and a false alarm cost of 5.2; the total normalized cost is 63.8. These values are not to be regarded as
universal constants; rather, they are particular replacement data that show how a plant can connect sequence
predictions with maintenance economics [36].

The new model will be used as a decision-support system in terms of engineering and not as an automatic
shutdown device. The operator can view the recent signal window, risk score, predicted remaining useful life
and the reason for the maintenance recommendation. The model is most effective when it is periodically
retrained with new maintenance data and after changes in the production structure, a threshold adjustment
should be made. Log the overridden recommendations by the system to add this human expertise to the
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continuous improvement cycle. The above arrangement is practical, and the neural network model can still be
used; however, the maintenance decision will not be reduced to a single risk value.

(a) MAE by Ablation (b) Cost Components
100
Total
Mask Norm 1.4 g 97.4
O 80
: &%
c .
Shared RNN - 19 = ol
[9]
<
T
Asset 0.8 s 404
Embedding >
S Planned
c h )
A 20 A Failure Repair
Re|lal’il(|)l?; i 0.4 § Downtime
False Alarm
T T T T T T T 0 T T
0.00 0.25 0.50 0.75 1.00 1.25 150 1.75 Proposed RNN Baseline

MAE Increase (hours)

Figure 7. Ablation and cost trade-off: (a) horizontal bar chart of MAE increase after component removal; (b) stacked bar chart of monthly
maintenance cost components.

Conclusion

This paper proposed a scalable predictive maintenance model for manufacturing systems based on recurrent
neural networks. The model includes masked temporal alignment, shared recurrent encoding, asset embeddings,
dual prediction heads, reliability-aware loss and adaptive maintenance decision thresholds. A concrete
replacement dataset from a large-scale production line was used to test both the accuracy of the prediction and
maintenance economics. The proposed model had a smaller remaining useful life error, a higher horizon
classification performance, better transfer robustness, and a lower simulated maintenance cost than the
conventional machine learning and neural network baselines. The first is that recurrent sequence learning
performs better for predictive maintenance when linked to reliability-aware objectives and production-oriented
decision logic.

The study has the following deficiencies. The experimental data are in a replaceable but controlled
manufacturing scenario; therefore, the exact numerical values need to be verified with plant-specific data before
being applied in practice. Recurrent models are well-suited for handling time-series data, but they do not
explicitly capture the causal relationships among machines, buffers and production orders. The decision layer is
an intuitive and simple-to-use cost coefficient; however, these coefficients are affected by changes in the supply
of spare parts, labour schedule, customer demand, energy prices, and so on. Another issue is that this way of
managing supervised maintenance labels does not include unsupervised maintenance labels, and many factories
lack complete or consistent maintenance records.

The three directions for the future work are as follows. First, a graph-based recurrent learning method can be
used to build a model of the connections among machines, conveyors, buffers and inspection stations. Second,
semi-supervised and self-supervised pre-training can reduce the quantity of labelled failure data required and
improve the adaptability of new equipment. Third, optimisation of the maintenance decision should be
combined with production scheduling to optimise the predicted risk, workload, spare parts and technician
availability simultaneously. The above extensions will make the model more suitable for large-scale intelligent
manufacturing systems that need to be reliable and continuously adapt to changes in products, resources and
operating conditions.
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