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Abstract. To effectively monitor industrial applications, an accurate
estimate of their condition, or a Condition Indicator (CI), is required. Re-
cently, a CI estimation method called Monotonically Constraint Guided
Autoencoders (MCGAE) was introduced, which constrains the CI to re-
main within predefined ranges for both normal and anomalous data while
also enforcing monotonic behavior over time. However, that work em-
ployed a Convolutional AutoEncoder (CAE) architecture that did not
capture longer-term temporal dependencies. In this study, we evaluate
a recurrent CAE variant that incorporates a Long Short-Term Memory
(LSTM) layer and compare its performance against alternative architec-
tures without a recurrent component. Experimental results on a bearing
run-to-failure dataset, indicate that the addition of LSTM improves the
monotonic behavior of the estimated CI.

1 Introduction

When considering the monitoring of industrial assets, one of the crucial parts is
rotating machinery. The primary source of failure in such machinery is due to
Rolling Element Bearings [1, 2]. The monitoring of REB is most commonly done
through vibration analysis [2, 3]. Various methods, such as physical, statistical,
and data-driven, have been used for the purpose of condition monitoring [2, 4, 5].
For the data-driven models, Deep Learning (DL) methods have been receiving
more attention in recent years [4]. These will be the focus of this work.

A wide range of DL models have been used in the field of condition moni-
toring. As the vibration data is sequential, Recurrent Neural Networks (RNN),
often Long Short-Term Memory (LSTM), are commonly used to analyze this
data [5]. In [6] an LSTM was used to estimate the Remaining Useful Life (RUL)
of the main bearing in a wind turbine using the sideband energy ratios and
characteristic frequencies as input. The raw vibration data was provided to an
LSTM in [7] and a Condition Indicator (CI) was estimated by comparing the
model predictions with the actual data. These models often work on the raw
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data or handcrafted features. However, other networks could be combined with
RNN to possibly further enhance their performance [5]. An example of this is
the combination of CNN and RNN in [8], where the convolutional layers are
made recurrent to estimate the RUL of a bearing. A multistage Convolutional
AutoEncoder (CAE) was used in [9] to estimate a CI, and an LSTM was used
in combination with this CI for RUL estimation.

In [10], a constrained learning method called Monotonically Constraint Guided
Autoencoder (MCGAE) was proposed to estimate a CI that satisfies an enforced
fault-detection threshold and exhibits monotonic behavior to better represent
the condition of an REB. However, this method was evaluated only using a
CAE architecture. As discussed earlier, an RNN or a hybrid CRNN design,
may offer advantages for MCGAE by better capturing temporal dependencies.
Therefore, this work extends the CAE architecture with an LSTM layer to inves-
tigate whether incorporating recurrent dynamics can more effectively exploit the
temporal information in the data than the existing CNN-based implementation.

The main contributions of this work are:

e A comparison of three architectures: (i) a 1D CAE (ConviD), (ii) a 2D
CAE (Conv2D), and (iii) a hybrid model combining ConvlD with an
LSTM layer (ConviD-LSTM).

e An evaluation of how different input sequence lengths (i.e., numbers of
time steps) affect model performance.

The rest of the paper is organized as follows. In Section 2 the MCGAE al-
gorithm will be explained. The dataset, preprocessing, experimental details and
metrics are discussed in Section 3. This is followed by the performed experiments
and results in Section 4. Finally, this work is concluded in Section 5.

2 Monotonically Constraint Guided Autoencoder

The goal of Monotonically Constraint Guided Autoencoder (MCGAE) [10] is to
subject the learning objective of an AE to a set of constraints: (i) normal data
should be mapped inside of a sphere, with radius Ry, around the origin, (ii)
anomalous data should be mapped outside of a larger sphere, with radius R,
around the origin, and (iii) data should be mapped further away from the origin
in relation with time, in this case when in the life time of a machine the data
was captured. It is important to note that the final constraint should be applied
separately for the life time of each machine, hereafter called a run, as there is,
in general, no relation between data from different machines at a certain point
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in time. This results in the following constrained learning objective
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where £ and D are the encoder and decoder, respectively, 6 represents the
weights, B[0, R;] and B|0, R2] denote the closed balls, with radius Ry and Ra,
respectively, around the origin, r denotes the considered run, ¢, is the time at
which the first anomalous point occurs for run r, A the set of anomalous points,
S" = N" U U, with N7 the set of normal points of run r, U" = {u}\_| being
the set of unlabeled points of run r, with U” the amount of unlabeled points of
run r, and x;, is the sample on time ¢; of run r. f() represents the recurrent
LSTM layer. When no recurrent layer is used f(ax) = x. To allow for better
generalization, the assumption is made that R; < Rs, as this creates some sepa-
ration between normal and anomalous data. CGGD [11] is used to optimize this
optimization problem. Note that when f() includes an LSTM layer, special care
is required to update the encoder’s weights so that both the learning objective
and the satisfaction of constraints can be improved. To accommodate this, an
implementation similar to that proposed in [12] is adopted.

3 Experimental setup

Dataset The Smart Maintenance (SM) dataset contains vibration data col-
lected from 70 accelerated run-to-failure tests of bearings, hereafter called runs,
using 7 bearing test rigs. This dataset was previously used in [10].

In this study data from all test rigs was used, with a subset of 8 runs being
omitted due to different stopping conditions. This results in a dataset of 41
accelerated runs, that end with a fatigue fault, and 21 fully healthy runs, without
an initial indentation. From each test rig the first 2 accelerated runs and the
first fully healthy runs will be used for training, while the remaining runs will
be used for evaluation purposes.

Preprocessing The preprocessing of the acceleration signals into log mel spectra
is completely analogous to the one used in [10]. Depending on the model that
will be considered, multiple consecutive samples, or time steps, will be combined
before being provided to the model. This is done by using a sliding window with
a varying size and a hop size of 8 time steps.

Ezxperimental details In the experiments a total of 3 models are used: i) a 1D
CAE (Conv1D), ii) a 2D CAE (Conv2D), and iii) a combination of ConvlD with
an additional LSTM layer (ConvID-LSTM). The same general architecture as
in [10] was used, with the amount of filters and neurons in the layers being
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empirically selected. The encoder is built using 3 convolutional blocks with
64, 64, and 32 filters, respectively, followed by a Fully Connected layer (FC),
with 16 neurons. The decoder is built using a FC layer, with 1024 neurons,
and 3 deconvolutional blocks, with 32, 64, and 64 filters, respectively. A final
convolutional layer with 1 filter is used as the output layer. As mentioned earlier
the Conv1D-LSTM combines Conv1D with an additional LSTM layer, consisting
out of 16 cells.

The radii R; and Ry were set to 0.25 and 0.5, respectively, due to a tanh
activation in the LSTM layer limiting the upper bound of the norm in the latent
space. The models were trained for 300 epochs with the Adam optimizer [13]
and a learning rate of le~3. The model was saved each epoch if the performance
improved. The performance is determined by the MCGAE learning objective,
the reconstruction error of the AE, and the satisfaction ratio of the constraints,
which is the percentage of points for which the constraints are satisfied. If the
satisfaction ratio is above 95%, only the learning objective is considered.

Metrics A comparison of the models will be made in two ways: (i) the dis-
criminative performance between normal and anomalous behavior, and (ii) the
monotonicity of the CI as a measure of quality. The former will be evaluated us-
ing the balanced accuracy (BA), defined as the mean of the recall for the normal
and anomalous classes. It was opted to use the BA instead of metrics such as
F1 score, recall or precision, for consistency with the evaluation approach used
in [10]. In this work anomalous data is considered as the positive class. For the
latter evaluation, it is expected that a CI should show a monotonic trend, either
increasing or decreasing, until a fault occurs. This can be evaluated using the
Spearman’s p [14], as was previously done in [10].

4 Experiments and results

Ezperiments To compare the different models a fixed training and testing set
were created. More specifically, the first 2 accelerated runs and the first fully
healthy run from each test rig of the SM dataset were used for training, and the
remaining runs were used for testing. The training set is then further split 75%
and 25% for training and validation, respectively. All experiments were repeated
4 times, using different seeds for model generation and batch shuffling during
training. The amount of time steps that are provided to the models will be set
to 8, 16, 32, and 64 to investigate the effect of more temporal information. The
hop size was fixed to 8, as to retain more training data. A hop size of 1 is used
for testing. As Conv1D uses 1D convolutions only a single time step can be used
as input. It was opted to use only the final time step of the multiple time steps
that are provided to the other models for ConviD.

Results The results in terms of the BA for the different models and window
sizes are shown in Table 1. It can be seen that the BA is quite similar for all
models and window sizes. However, ConviD-LSTM does show a slightly lower
BA, with a slightly decreasing trend when more time steps are used. This lower
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Window size 8 16 32 64
Conv1D 0.875 1+ 0.029 0.876 +0.040 0.868 & 0.039 0.880 + 0.027
Conv2D 0.869 + 0.042 0.865 £+ 0.057 0.859 4+ 0.064 0.864 + 0.051

ConvlD-LSTM 0.842+0.080 0.834+0.066  0.8144+0.095  0.816 & 0.095

Table 1: The BA results for the different models and different window sizes. The
significantly better results for each window size are in bold.

BA is likely due to ConviD-LSTM showing a slower increase in the CI and
also a lower CI estimation for anomalous data, resulting in the CI exceeding
the threshold slightly later in comparison with the other models. However,
the CI estimated by ConviD-LSTM also tends to show less variability between
consecutive time steps. This could be attributed to the tanh activation at the
output of the LSTM layer resulting in non-linear behavior in the latent space,
and thus altering the behavior of the CI. It could also be that the sequential
processing of the time steps by the LSTM layer results in a more controlled CI.
It can also be argued that this delay in exceeding the threshold might not be a
problem in specific applications, as it is relatively small.

Next to the discriminative performance, the quality of the CI is evaluated
using the Spearman’s p, for which the results are shown in Table 2. These
results show that ConviD-LSTM achieves a noticeably better Spearman’s p in
comparison with the other models. This indicates the effectiveness of the LSTM
layer in the model, compared to the other methods. The window size appears
to only have a small impact on the performance of the models.

5 Conclusion

In this work the combination of a CAE and LSTM, to improve the usage of
the temporal information, with the MCGAE algorithm was investigated. The
effect of adding more time steps as input to the models was also investigated.
The SM dataset, containing run-to-failure vibration data from REB, was used
to compare ConviD, Conv2D, and ConviD-LSTM.

The results show a similar BA for all models, with ConviD-LSTM perform-
ing slightly worse. Although this is mostly due to Conv1D-LSTM exceeding the
threshold slightly later, which could be argued to not be a problem in specific
applications. For the Spearman’s p a different behavior can be seen, as Conv1D-
LSTM performs noticeably better than the other models. The impact of window
size also appears to only have a small impact on the performance.

Further research could include the use of a more elaborate LSTM network,
which could further exploit the temporal information and improve generalization.
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