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Abstract

The smart manufacturing has revolutionised the intelligent predictive maintenggas

and other evolving technologies. An effective predictive maintenance de
measuring equipment, but the underlying ecosystem that starts with

model proposed is a deep convolutional LSTM autoencodergyar
autoencoder approach to classify real world machine and sgamar d4# to condition based label.
The proposed model outperformed baseline architecture a dow size of 45 was used to
determine that the model produced a RMSE of 58. .1& pf 22.48, and a SMAPE of
0.869, most of which represents signific A emen up to 37% over existing

with an RMSE score of 72.16 and

1. Introduction

The ICT system used duri ing, as well as [oT devices placed on the floor,
however, can generate lax data that is often underutilised. To fully exploit the
benefits of these techpaloci®@they need innovative methods and models to optimise these
ICT technology soly | irProve production processes well [1].

ysical systems (CPS), closed loop control systems consisting of
with software modules, is a transformative approach to

ystems to perform diverse manufacturing tasks, which employs hierarchical
They consist of basic monitoring up to advanced planning, controlling, and real

inerization technologies for enacting control of CPPSs [3].

As sensor based models have evolved, the resultant volumes of digital data are now
substantial. This data, when analysed, can supply information along with hidden patterns,
which human eyes may fail to perceive, and can help with proactive decision making [4].
Specifically, data driven techniques can give us actionable production equipment operational
condition insights, which when used effectively can enable condition monitoring. These



insights have been studied by Entezami et al. and Chuang et al. and demonstrated a way to
change traditional preventive to predictive maintenance. It can help to significantly reduce
maintenance cost as well as increase production efficiency by assessing equipment conditions
and estimating equipment remaining useful life (RUL) [5, 6].

Al and ML techniques are important tools in the process of leveraging large scale data to do
predictive analytics [7]. This article presented a novel approach to deep learning prediction
and fault detection. Anomaly detection is used in this approach to map reconstruction erro
to different RUL values. In contrast to previous CNNs, a unique aspect of the approach lie

its separate training of neural networks for each of the health condition labels tQgea@a

different types of machines and labels. The proposed technique is validated oN@stori
maintenance dataset from industrial environment. The method iggms rate( e
ar

theoretically and practically practicable by development of a protg stem that
can provide the operator with reliable health assessments of ithout requiring

specialised expertise from the operator.

2. Literature Review ,

In the last decade research in industrial equipmen monitoring has gained

momentum due to the impressive need to enhancygcly d efficiency of industrial
predict the requirement for
maintenance has proven useful in mag 1t ing advancements in Al and ML
approaches do not need a deep understandMgof underlying processes. To train models, they
use run to failure data and their maintenance S
(8, 9].

ems work independent of domain expertise

Over the years various M es Ar predictive maintenance have been explored. For
example, Carvalho et al. a ont . review exhaustive views on methods from artificial
neural networks and J¢g 1 works to sequence-to-sequence models [10, 11]. Eventually,
ombined with data mining tools, which are useful for handling

s is limited by scalability in dealing with extensive data sets.
models have recently shown their potential for sequence learning tasks,

s (CNNs) have promise for fault diagnosis. However, their use is often limited in
se real-world scenarios, due to their reliance on homogeneity of the input data. This
limitation of spatial heterogeneity to address the lack of a framework to cluster distributed
and heterogeneous datasets was encountered and addressed by Chen and Huang by proposing
a Double Deep Autoencoder structure [14] that was suitable for CNN based analysis. At the
same time, Recurrent Neural Networks (RNNs) have been popular for analysing time series
data, as they can learn sequential dependencies. Although effective, traditional RNNs struggle



with problems like vanishing gradients, impeding their ability to perform long term
forecasting [15].

To address these problems, LSTM networks, a variant of RNNs, come up that present
memory cells. Within these memory cells are three gates — input, output, and forget —
controlled by input, output, and forget ‘ground truth’, which dynamically decide what to store
or forget during the training process. There are several studies that proved LSTM’s
effectiveness when used in applications like traffic flow prediction or even stock mar
forecasting, compared to conventional RNNs and even other deep learning models [16,
Despite this, LSTM networks can be sensitive to dataset changes and fine tunin 1
hyperparameters can necessitate careful optimization for a specific application [18]

To optimise the skills of LSTMs, LSTM-autoencoders have been developegW he S
incorporate both temporal feature extraction of LSTMs, and dim Lty W@luction and
Psfully@pplied to
" useful life (RUL)
oencoders result in

time series prediction tasks, including industrial estimation of rer¥
and univariate sequence forecasting. The research suggests that LST
higher predictive accuracy and lower computational costs [19, 20],

Motivated by these advances, convolutional LSTM (Co
benefit from strengths of CNNs and LSTMs, hybri
can preserve spatial information and well ¢g

etworks were proposed to
Both ConvLSTM models

suitable for time series forecasting in
ConvLSTM based methods in multi®
demonstrated by Zhang et al., and their \@lication illustrated by optimising production

schedules using machine performance metrics Ngaecasted by this method [21].

In smart manufacturing, especifly i case of complex machinery for example for metal
can production systems, th necgl for development of robust predictive models. For

example, a hybrid of ConW@STM itectures is applied to the problem of internal speed

g aker machines, to adjust both upstream and downstream
ffectiveness of ConvLSTM models for improving predictive
efficiency on real world datasets is further substantiated by

egent developments in hyper parameter optimization and model design. Work is
ing the network complexity with the size of dataset to get the best results. The
autoencoders have been unified with techniques such as sliding window
s, bidirectional LSTM layers, and supervised learning to improve their generalisation
ility for a variety of industrial applications.

3. Materials And Methods

For fault detection in manufacturing predictive maintenance through capture of speed
produced by machines to predict such anomalies that are precursors to failure. This is cast as




a sequence-to-sequence time-series anomaly detection problem: to learn a model of normal
machine speed behaviour and detect deviations from this model as potential faults.

The input speed time series is used to reconstruct a portion of the original time series, which
is used as input features to the model. This window size is known as the window size(w).In
case of a univariate time series of speed data s(t) ={s1,52,83,..., St}, where vi is the speed
amplitude recorded at time ii, the aim of developing a fault detection model is to predict the
subsequent values of the speed, § = {S+1),S(+2),- .-, S+m)}, based on previous observations j
a size w sliding window. This is formulated as:

S§=1(81,5 .85) { f(St—w>St—w+1r = +rSz)

Here f(-) denote the model predicts by an Convolutional LSTM er@hich learns
how to predict the future speed signals.

Unlike traditional single step forecast, the sequence to sequencc@ult detection model
forecasts a sequence of future speed values instead of single pointe"n llowing to detect
temporal patterns in the data, which lie outside normal behgigs

se ence matrix. All samples
generated from sliding-window approach, training gl the vector w, with length 1

equal to n.
n=( )
3.1.0bjective Function

The time series of length N is transformed to a segyet
plc

The objective function L\mathc to minimize during training is the Mean Squared Error
(MSE) between the predicte eed sequences, which can be expressed as:
1 2 3)
Z Z(si,j = 517)
i=1 j=1
wher

the th of the predicted sequence and n represents training data.
i 1s the difference between predicted and actual values.

ant objective function promotes that the model learns to minimise the difference
ween predicted speed sequence and actual speed sequence. If the reconstruction error
exceeds a predefined threshold, anomalies are detected as hints of machine faults.

3.2.Structure of LSTM

LSTM neural networks address the stability constraint that conventional RNNs encounter via
gating functions in state dynamics, making them superior to conventional RNNs intended for
sequence prediction. Each of the layers in the LSTM network corresponds to a number of



memory blocks. Three multiplicative units—the input, forget, and output gates—as well as a
collection of recurrently linked memory cells make up each layer. The input gate gives the
cell state information in three phases. The sigmoid function, which controls input values
added to the cell state, is the first. Second, the hyperbolic tan function is used to construct a
vector that contains every value that might be added to the cell state. Lastly, it is added to the
cell state information after being multiplied by the newly formed vector. The forget gate
eliminates information that is no longer required for processing or that is of lower
significance by using a multiplying philtre. Based on the condition of the current cell, the
output gate determines what should be shown at the output. Figure 1 depicts the constructi
of an LSTM cell as well as the architecture of the LSTM structure.

LSTM CELL DETAILS

Forget Gate Input Gate Qutput Gat
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tanh
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Input — ,
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igure out of LSTM Structure

s X=(X1,X2,...,X¢-1,X¢). The chain of the memory cell is
gates of LSTM and the target variables y = (y1, y2, ....,yt) are

Let the input inforg
updated with the h

®

predicted fro 1 ¥ed in part on some mathematical equations for the LSTM:
iy = a(wixt + Rihg—qy + bl-) (4)

\ fr = a(wfxt + Rehgqy + bf) (5)
0 Vi = a(wyxt + Ryhg—1y + by) (6)
ce = fecp—1y + i{ch (7)

{c}; = a(wcxt + Rchg_gy + bc) )]

hs = yra(ct) )

Xt represents the input vector, whereas wi, wy, and wy denote the weight matrices for the input,
forget, and output gates, respectively. Ri, R, and Ry represent the input, forget, and output
gates of the input weight matrix, while bj, bf, and by denote the input, forget, and output gate
bias vectors, respectively, with htsignifying the output vector.



3.3.Structure of CNN

The CNN is provided with an input of three dimensions represented as height, weight and
number of channels. Let the input x = (x))™ of size N in the first layer (‘0’ padding),
convolution of this input with a series of M1 creates the feature output map., w}, for h =
1,....Mi.

{oo} (10)
al(i,h) — (Wfll % X)(l) — Z W;L(]') x (l _])
(=0}
Let w} belong to R"*! and a! belong to RVN*1"M This consists of the fully conneggSRRgS
within the hidden layer, the pooling layer, and the convolutional layer. The co %
layer automatically extracts features from various regions of the raw data or ntSQRed

Ixkx1

’ —

er may link

1
to every neuron in this layer, others might only connect to specifig the r below.

feature maps using learnable phitres. While certain neurons in one cQuf™

The philtre then performs the convolutional function using a shar¥ a D
changes during training are well recognized. The pooling layer createsS@aingle value from all
of the data in the pooling region. Max pooling is a modification red

input layer by selecting the highest value in each subar receding layer. This layer

also solves the overfitting issue and speeds up the leargi pUltion process.
{i-1}(i-jm) (10)
. —1}(i—jm
alh) — (erl *f{l—l})(l-) w, )f j

The fully connected layer converts convolu
through non-linear activation fupgsons. The tPal output is a matrix influenced by filter
the CNN model's architecture.

dimensions and filters. Figure
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Figure 2. Layout of CNN Structure
3.4.Structure of hybrid CNN-LSTM

Each CNN and LSTM model has specialised characteristics. Development of a hybrid CNN—
LSTM DL model for predicting water quality variables is carried out in this study by
exploiting the strengths of the proposed system. The CNN-LSTM structure started with CNN
layers on top. CNN contains numerous hidden layers and a variable-input layer. It delivers



features to LSTM cells via an output layer. Buried layers include the convolution, activation
function, and pooling layers. LSTM output passes into fully linked layer. CNN layers may
learn consecutive input characteristics, unlike some neural networks. By guessing target
values using long-range relationships, the bottom LSTM layer integrates these properties.
Figure 3 shows the CNN-LSTM model's topology.
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3.5. Autoencoder

Since it is a feedforward neural networky
don't need to label target datasets since the

input and output are identical. Autoencoders
rn the features from the data they receive in

autonomous learning. Three pri componems comprise the autoencoder: Three things
make up the encoder, the code, ecoder. The decoder decodes the encoded input into
outputs after the encoder co to a "code." Time series forecasting maps data into
the hidden layer of lesser ensiq, ng the autoencoder. Like a standard autoencoder, a

stacked autoencoder learns out supervision. In order to train a model, greedy layer-wise

rical, machine-collected, speed data collected at a frequency of 100 Hz is
epicted in figure 4. Data are the operational speed of a vertical form fill seal
chine in terms of acceleration strokes/min and were logged internally by a
g system built into the machine. In food packaging industry, this VFFS packing
ine is used to quickly pack quality products without human error in filling and
automatically gripping products while sealing them. Typically, the operational speed of the
VFFS machine is composed by a mixture of periodic pattern related to “normal” production
cycles such as rotation of shifts and episodic, sporadic pattern associated with abnormal
operations. Additionally, this machine impacts (and is impacted by) upstream and
downstream processes, such as product feeding (upstream) and sealing/labelling
(downstream) machines. In this article, the dataset contained 1,440,000 observations of speed



data collected over a continuous period of 24 hours. Of this dataset, 1,152,000 observations
were used for model training, 144,000 for testing and 144,000 for validation observations.
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Figure 4. Time series data

Results from the evaluation of the proposed deep convolutiona encoder-decoder
model demonstrate the model’s performance advantage over three elines. Results are
shown in using metrics like Root Mean Squared Error (RMSE), Mgt AbWute Error (MAE)
and Symmetric Mean Absolute Percentage Error (s 0 show that the proposed
approach is effective in time-series event classificatior, fofinance was evaluated using
two window sizes (45 and 90) to indicate that thgglfopoNgaadfcl could adapt to different

temporal constructions.

Table 1. Performance analysis for a ow ge of 45

Structure RsNet(a) -LSTM | LSTM Proposed (d)
En®er- Encoder-
Decoder (b) Decoder (¢)

RMSE 76.93 116.94 58.45

MAE 35.65 94.49 22.48

sSMAPE 1.02 2.704 0.869

At a window proposed model excels all of its counterparts in terms of all

metrics. Qg \ 0f 58.45, much less than RsNet (140.97), CNN-LSTM Encoder—

STM Encoder—Decoder (116.94). This result demonstrates that the

osed model was 37% higher than CNN-LSTM Encoder-Decoder's (35.65),
formance was drastically better compared to RsNet (136.10) or LSTM Encoder-

as illustrated by the lowest SMAPE value of 0. 869 in supporting its application to
real world industrial applications.

Table 2. Performance analysis for a window size of 90

Structure RsNet(a) CNN-LSTM | LSTM Proposed (d)
Encoder- Encoder-
Decoder (b) Decoder (¢)




RMSE 146.24 88.54 111.27 72.16

MAE 134.25 41.03 89.91 29.64

sMAPE 3.881 1.17 2.561 0.847

The proposed model retained its performance superiority for a window size of 90. RMSE
values increased slightly with the extended prediction horizon, but the proposed model
achieved an RMSE value of 72.16, which significantly outperforms RsNet (109.24), CNN
LSTM Encoder Decoder (88.54), and LSTM Encoder Decoder (111.27). The proposed model
demonstrates reduced MAE of 29.64 compared to that of CNNLSTM Encoder Deco
(41.03) and LSTM Encoder Decoder (89.91). The robustness and reliability of the model
also demonstrated by a SMAPE of 0.847, which reflects the best compromise bet

and variability in predictions.

This is followed by a comparative analysis illustrated in figures 5 apgd 6,
crucial insights regarding how the predictive accuracy of the mo o

ies. Building upon

conditions. While being computationally efficient, RsNet faced
which it proved insufficient for modelling intricate temporal dep
RsNet, CNN-LSTM Encoder-Decoder utilises convolutional featuge
efficiently deal with long term temporal relationship. To_add this challenge, LSTM

owever, could not

Encoder-Decoder was employed but it did not poss dvanced feature extraction
abilities like that present in the proposed method. Iigg n tilt these results support the
superiority of the proposed architecture in b idallfeat action and temporal pattern

recognition.
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Figure 5. Predictive performance of (a) RsNet, (b) CNN-L er-De®der, (c)
LSTM Encoder-Decoder, (d) Proposed. (Window Size — 45)
The implications are practical and multiple, especially for indus S gs such as steel
industry, where the forecast of Remaining Useful Life ( paramount significance to
minimise unexpected downtimes. The low RMSE, M APE values confirm that
deploying sensor data with deep learning proves cti icting future maintenance
activity. The model makes daily monitog ro8@time possible and ensures industrial

inte e strategies.
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The benefit of the proposed architecture is its ability to consider both convolutional and
temporal features. Convolutions on the other hand, help extract features by capturing



localised patterns in the image, and the LSTM's handle sequential dependencies to let it
understand temporal dynamics well enough. In addition, dimensionality reduction performed
by the autoencoder reduces noise present in the high dimensional input data whilst preserving
important temporal patterns, hence giving predicted results that are more stable. In addition,
the performance of the model is demonstrated to maintain consistency across different
window sizes, validating its viability in a wide range of predictive maintenance scenarios.

However, the model does have limitations which suggest areas for future work. The modg
could be made more precise in its prediction if attention mechanisms were incorporated
focus on important time series events. Furthermore, transfer learning approaches s
studied to adapt the model for the case in which there is limited labelled data i
industry. Another area for improvement is optimization of computatio
especially for real time deployment on edge devices.

5. Conclusion

In this study, a deep convolutional LSTM autoencoder model as omplete solution to

predictive maintenance via advanced time series classification L estimation is
proposed. The model achieved better performance than bzggh eﬁitectures in all metrics
and proved to be robust and adaptable. At a windo 45 the proposed model

showcased improvements in its performance, wit of MR.45, MAE of 22.48, and
SMAPE of 0.869. Also, when window size as 72.16, MAE was 29.64,
i rediction horizons. Its improved

autoencoder based approach to dimensioONgRty reduction. The model has been validated

against steel industry real world manufactuM@g data, which successfully tackled critical

issues in predictive maintenanc accurate event detection and RUL estimation. As such,
its practical use emphasise ce to reduce equipment downtime and enhance
operational efficiency 1 art f s. The proposed model represents a substantial

advance, but still invitg vement. Adding in attention mechanisms could make it more

scNPs events, and thus improve the precision of prediction.
imited labelled data could be made possible through transfer
Wer, the computational efficiency of the model will be optimised,
eployment on edge devices, thus enabling access to a large set of [loT
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