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Abstract. With the increasing availability of data for Prognostics and Health Management
(PHM), Deep Learning (DL) techniques are now the subject of considerable attention in Prog-
nostics for Predictive Maintenance, achieving more accurate Remaining Useful Life (RUL) pre-
dictions. However, one of the major challenges for DL techniques resides in the difficulty of
obtaining large amounts of labeled data on industrial systems. To overcome this lack of labeled
data, an emerging learning technique is considered in this work : Self-Supervised Learning,
a sub-category of unsupervised learning approaches. This paper aims to investigate whether
pre-training DL models in a self-supervised way on unlabeled sensors data can be useful for
downstream tasks in PHM (i.e. RUL estimation) with only limited amount of labelled data. A
synthetic dataset composed of strain data is used. Results show that the self-supervised pre-
trained models significantly outperform the non pre-trained models in downstream Remaining
Useful Life (RUL) prediction task, showing promising results in prognostic tasks when only
limited labeled data is available.

1 INTRODUCTION

Prognostics and Health Management (PHM) is a reseach domain that is interested in study-
ing the failure mechanisms of real systems in order to better manage the use of information
on equipment operating conditions [1]. Its implementation can improve the efficiency of main-
tenance support [2], optimize the maintenance plan [3], help industry to balance safety and
economic profit [4]. Fatigue damage is one of the major modes of failure for many mechanical
structures and notably aerospace structures. Therefore, fatigue monitoring and prediction of
fatigue life in structures, i.e. Remaining Useful Life (RUL) estimation, represents one of the
major challenges to be solved for paving the way towards predictive structural maintenance.

Among the approaches used for PHM, Data-Driven models have gained more and more atten-
tion in the PHM community, especially the latest Deep Learning (DL) techniques [5], redefining
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state-of-the-art performances in a wide range of areas in recent years [6]. However, their effec-
tiveness depends on the quantity and quality of available labeled data. In Prognostics tasks, a
label can constitute the RUL at each time step of measurements, which is generally difficult to
acquire and often can be a time-consuming and expensive investment for experts since faults are
rare and structures can be replaced before reaching failure. As a result, data scarcity is becom-
ing one of the most important challenges in PHM [7], [8] and exploiting unlabelled data during
training (e.g. raw sensors data from structures replaced before reaching failure) has become a
major goal in Machine Learning (ML) in order to improve learning performance. The research
question in this paper can be stated as follows : is it possible to learn meaningful representations
from unlabelled data and use it to enhance related supervised predictive tasks on a fatigue damage
prognostics problem ?

In several publications, the challenge of data scarcity was addressed, through learning tech-
niques to extract knowledge from unlabelled data. For example, an emerging learning technique
was proposed : Self-Supervised Learning (SSL) [9], a sub-category of unsupervised learning ap-
proaches. It consists in learning meaningful and general representations from unlabeled data,
without requiring human-annotated labels, which are applicable to a wide range of related su-
pervised tasks (i.e. downstream tasks) with only few labeled data (i.e. ”Few-Shots Learning”).
This approach has already shown tremendous performances in many fields such as in Natural
Language Processing (e.g. Generative Pre-trained Transformer 3 [10]) or Image Processing [11].
However, there is only a limited amount of existing research that focuses on the contribution
of Self-Supervised Learning to Prognostics [12], and particularly for fatigue damage prognostics
problems. Despite demonstrating encouraging results, the domain of SSL is still largely unex-
plored in the prognostics field and is in contrast with the increasing amount of unlabelled data
available, having the potential to enable predictive maintenance.

In order to address this limitation, this paper aims to investigate whether pre-training DL
models in a self-supervised way on unlabeled sensors data can be useful for downstream tasks in
PHM (i.e. RUL estimation) with only Few-Shots Learning. In this research, the issue of data
scarcity in a fatigue damage prognostics problem is addressed. The interest is in estimating
the RUL of aluminum alloy panels (typical of aerospace structures) subject to fatigue cracks
from strain gauge data. A synthetic dataset is used, composed of a large unlabeled dataset (i.e.
strain gauges data of structures before failure) for pre-training, and a smaller labeled dataset
(i.e. strain gauges data of structures until failure) for fine-tuning.

The remainder of the paper is organized as follows. Section 2 describes the synthetic data
set used in this paper, as well as the implementation of the Self Supervised Learning approach
on the current problem. The deep learning-based models used to investigate the SSL approach
are also presented and detailed in this section. Section 3 presents the experimental settings used
in this study for pre-training and fine-tuning phases, and the results obtained with the deep
learning-based approaches trained in a self-supervised manner are analyzed. Finally, Section 4
concludes the paper and identifies some research perspectives.
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2 METHODOLOGY

In this section, a description of the dataset is provided, followed by a description of the prob-
lem considered in this paper and the way the Self-Supevised Learning approach is implemented
on it.

2.1 Data Description

In the current research study, a synthetic dataset for a realistic fatigue damage prognostics
problem is generated, based on a framework previously proposed by the authors and described
in [13]. It consists of synthetic multivariate run-to-failure time series data for structures subject
to fatigue (e.g. fuselage panels), containing the variations of the strains at ng = 3 positions
in the panel as a function of the number of cycles, where ng is the number of the time series.
This setup can be seen representative of real experiments under fatigue loading where the strain
state is monitored at three strain gauge positions. The strain data, or measurement sequences,
are obtained until the critical crack size is reached, considered as the time of failure (necessary
to compute the RUL at each time step). In this synthetic dataset, an Aluminum alloy 7075-T6
plate was considered, which is typical of aeronautic structures. More details about the dataset
are given in [13], and an illustration of a generated sequence (i.e. three placed gauges) for a
single structure until failure is given in Fig. 1.

Figure 1: Strain values time series corresponding to a sensor sample generated.

In this paper, a training set and a testing set are generated. The testing set is used to evaluate
the RUL estimation performance of the trained models (in fine-tuning) as a held-out data set
that has not been used prior. The datasets used will be detailed in Section 3.

2.2 Self-Supervised Learning

Similarly to self-taught learning [14], Self-Supervised Learning (SSL) consists in learning
meaningful and general representations from unlabeled data (i.e. pre-training phase) by solving
a so-called pretext task without requiring human-annotated labels. These representations are
applicable to a wide range of related supervised tasks (i.e. downstream task) with only few
labeled data (i.e. ”Few-Shots Learning”). The working of SSL can be illustrated in Figure 2.
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(a) Pre-training phase in a self-supervised way

(b) Fine-tuning phase (supervised training on down-
stream tasks)

Figure 2: A schematic view of the Self-Supervised Learning procedure.

The proposed self supervised learning approach is composed of a :

1. Pre-training phase : pre-train a Deep Learning model on unlabelled data (i.e. strain data
of structures before failure) in a self supervised manner, called pre-text task. Also, in
order to vary the pre-text tasks and inspired by [9], [15], two types of models are used :
1) Autoencoders (AE) and 2) Autoregressive models (AR).

2. Fine tuning phase : fine-tune the pre-trained model on a specific downstream Prognostics
task (i.e. RUL estimation).

A schematic view of the investigated models used in the proposed SSL approach is given in
Fig. 3 and Fig. 4. As in [13], a sliding window approach is used in training : at each time-step
t, the input of the predictive models corresponds to the current and past measurements, such
that Xt := (xt−h+1, . . . , xt) ∈ Rng x h where ng is the number of the time series and h = 30 is
the length of the sliding window (the value of parameter h was set after preliminary experiments).

In pre-training, the output of the Autoencoder (AE) is an estimation of the input signal
such that yt = X̂t = (x̂t−nw+1, ..., x̂t), while the output of the Autoregressive model (AR) is
an estimation of the data of the next timestep such that yt = x̂t+1. In both models, Gated
Reccurent Unit (GRU [16]) networks are used as the basic deep prediction model, because of
their sequential properties and good regressive performance in previous work [13]).

In the fine-tuning phase, an RUL estimation problem is considered, hence the output of the
predictive models is a point-wise estimation of the RUL such that yt = ˆRULt. The embedding
zt of the input data is extracted (see Fig. 3 and Fig. 4), the weights of the hidden pre-trained
layers are frozen, then a simple GRU Decoder for fine-tuning is used, (composed of a stack of
GRU layers), called Knowledge Transfer. Note that, in fine-tuning phase it is common to use
only a linear layer for training, but the authors of the current paper found that adding a GRU
model significantly improves the performance of the approach on this RUL estimation problem.
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Finally, in order to investigate the added value of the SSL approach in prognostics, the pre-
trained models are compared with their non pre-trained counterpart architecture, illustrated in
Fig. 3-b) and Fig. 4-b).

Note that the pre-trained model with an autoregressive pre-text task is a decoder model and
will be referred to as the ”autoregressive model” in the following for simplicity.

(a) Pre-training phase in a self-supervised way. The output of the model is an estimation of the input
signal such that yt = X̂t = (x̂t−nw+1, ..., x̂t).

(b) Fine-tuning phase : a RUL estimation problem is considered, hence the output of the predictive
model is a point-wise estimation of the RUL such that yt = ˆRULt.

Figure 3: A schematic view of the Autoencoder model (AE) used in the Self-Supervised Learning procedure.
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(a) Pre-training phase in a self-supervised way. The output of the model is an estimation of the data
of the next timestep such that yt = x̂t+1.

(b) Fine-tuning phase : a RUL estimation problem is considered, hence the output of the predictive
model is a point-wise estimation of the RUL such that yt = ˆRULt.

Figure 4: A schematic view of the Autoregressive model (AR) used in the Self-Supervised Learning procedure.

3 EXPERIMENTS AND RESULTS

3.1 Experimental settings in pre-training phase

In pre-training, the number of structures, denoted Np, for which strain sequences were avail-
able was varied to investigate the effect of the amount of unlabelled data. The investigated mod-
els (autoencoder and autoregressive model) were therefore pre-trained on Np = 100, 1000, 5000,
and 10000 unlabelled structures.

As the structures subjected to fatigue can be replaced before reaching failure at any time,
the proposed approach has been investigated on four degradation scenarios : for pre-training,
available sequences of unlabelled data are incomplete at d = 60%, 70%, 80%, and 90% of their
total lifetime, where d is the ratio of the total lifetime of a sequence. To have an idea of the size
of the strain data sequences available, these four degradation scenarios are illustrated in Fig. 5.
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Figure 5: Four degradation scenarios depicted on the sequence of a structure. For each scenario, the available
strain data correspond to the measurements from time 0 to time t∗ = d x Tf , where d is the ratio of the total
lifetime of a sequence, and Tf is the time of failure.

In each training procedure, 95% of the dataset for training was used, while 5% of it is used
for validation (i.e. monitoring and adjusting the training phase). The Adam optimizer [17] is
used with default parameters and the learning rate is decreased incrementally. The learning
rates of 10−2, 10−3, 10−4 were sequentially used for a predefined number of epochs, saving the
model weights each time the validation loss decreases; the weights of the best model are loaded
each time the learning rate is lowered. At the end of the procedure, the model is trained on the
whole dataset (training and validation sets) with a lower learning rate of 10−5 until convergence.
Note that the model hyperparameters were first optimized using a Grid Search algorithm :

• Autoencoder model illustrated in Fig. 3 : the GRU Encoder and GRU Decoder are each
composed of 2 layers of GRU, n = 64 neurons, and a dropout of 0.1.

• Autoregressive model illustrated in Fig. 4 : the GRU Decoder is composed of 4 GRU
layers, n = 64 neurons, and a dropout of 0.1.

3.2 Experimental settings in Fine-tuning phase

For fine-tuning, as illustrated in Fig. 3 and Fig. 4, the embedding zt of the input data is ex-
tracted, the weights of the hidden layers are frozen, and a GRU Decoder is used for downstream
task (composed of a single GRU layer, 32 neurons, 0.1 in dropout to regularize). The pre-trained
models are then compared with their non pre-trained ’counterpart’ (i.e. same architecture but
the model weights are all reset) on few shots learning. The number of labelled structures NFT

are varied, such that : NFT = 5, 10, 20, 50 and 100 labelled structures (i.e. strain data of struc-
tures reaching failure, from time 0 to time time of failure Tf ).

The models were evaluated on a testing set of 100 structures, and since the RUL estimation
problem is considered as a regression problem in this paper, the metric used to evaluate these
models is the Mean Absolute Percentage Error (MAPE), such that :
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MAPE =
1

S

S∑
i=1

|RULi − ˆRULi

RULi
| ∗ 100 (1)

where S is the number of samples with ˆRUL. being the prediction and RUL. the target value.

As a limited amount of labeled data leads to epistemic uncertainty, it is difficult to make a
reliable comparison. Hence, a 5-fold cross validation is used by varying the split between the
training and validation set, which gives an average MAPE error and its standard deviation to
quantify the uncertainty when evaluated on the test set.

3.3 Results

The pre-trained models as well as their non pre-trained counterpart architecture are trained
on labelled samples, then evaluated on 100 structures of the testing data set. First, the per-
formance of pre-trained Autoencoder (AE) and non pre-trained counterpart in RUL estimation
are compared when evaluated on the testing set, by varying the number of unlabeled samples
in pre-training, illustrated in Table 1.

MAPE (%) Mean ± St. Dev.

Labelled structures 5 10 20 50 100

Pre-trained model (d = 60%)
Autoencoder Np = 100 29.36 ± 3.81 21.16 ± 2.86 11.84 ± 4.12 1.95± 0.25 1.87± 0.36
Autoencoder Np = 1.000 25.95 ± 0.74 14.78 ± 3.13 5.59 ± 1.47 1.42± 0.17 1.31± 0.06
Autoencoder Np = 5.000 28.55 ± 0.99 12.01 ± 2.31 4.80 ± 0.92 1.27 ± 0.11 1.08 ± 0.03
Autoencoder Np = 10.000 24.60 ± 4.30 12.70 ± 1.76 3.48 ± 0.93 1.41 ± 0.04 1.13 ± 0.12

Pre-trained model (d = 70%)
Autoencoder Np = 100 28.02 ± 1.96 20.99 ± 3.73 11.70 ± 3.78 1.61± 0.43 1.43± 0.25
Autoencoder Np = 1.000 30.76 ± 1.83 18.20± 3.76 6.42± 1.69 1.65± 0.36 1.29± 0.16
Autoencoder Np = 5.000 26.10 ± 0.88 18.73± 2.72 6.67± 1.30 1.58± 0.23 1.25± 0.08
Autoencoder Np = 10.000 25.38 ± 5.99 11.85 ± 2.64 3.77± 0.61 1.29± 0.06 1.08± 0.12

Pre-trained model (d = 80%)
Autoencoder Np = 100 34.96 ± 9.59 17.72 ± 4.43 8.92 ± 3.33 1.33± 0.13 1.41± 0.20
Autoencoder Np = 1.000 26.46 ± 2.51 15.78 ± 3.77 4.74 ± 0.79 1.31 ± 0.13 1.10± 0.05
Autoencoder Np = 5.000 30.19 ± 6.56 17.18 ± 3.03 6.19 ± 2.07 1.60 ± 0.22 1.17± 0.18
Autoencoder Np = 10.000 24.77 ± 4.80 12.06 ± 3.82 4.27 ± 0.72 1.18 ± 0.13 1.01 ± 0.06

Pre-trained model (d = 90%)
Autoencoder Np = 100 28.27 ± 2.47 21.56 ± 0.98 9.91 ± 3.29 1.57 ± 0.35 1.56 ± 0.16
Autoencoder Np = 1.000 30.27 ± 1.15 18.53 ± 5.68 6.51 ± 1.63 1.74 ± 0.43 1.13 ± 0.15
Autoencoder Np = 5.000 25.99 ± 1.73 17.06 ± 4.09 5.24 ± 1.60 1.43 ± 0.31 1.06 ± 0.07
Autoencoder Np = 10.000 22.97 ± 5.69 11.04 ± 3.61 3.39± 0.67 1.22± 0.12 0.88 ± 0.09

Non pre-trained model
Autoencoder architecture 27.72 ± 0.65 23.07 ± 5.94 8.12 ± 1.87 1.40 ± 0.33 0.83 ± 0.18

Table 1: MAPE mean values (in %) plus or minus its standard deviation as a function of the number of labelled
structures used and of the training scenario for the autoencoder case. Best performance is represented in bold for
each case.
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As can be seen in Table 1, pre-training the model is not always beneficial. For example,
for a pre trained AE model on 100 structures, the efficiency on RUL estimation is not always
better over the non pre-trained model (AE). The term negative transfer can be used when the
transfer method decreases predictive performance [18]. However, it can also be observed that
as the number of labelled samples increases, the pre-training becomes more efficient and allows
to have better results than a non pre-trained model when few labelled structures are available,
especially for the model pre-trained on 10000 structures. Overall, results in Table 1 show that
for the Autoencoder model, the number of unlabeled samples in pre-training matters : the more
the number of these samples increases, the more efficient the self supervised learning is for each
of the 4 scenarios. The autoregressive model shows similar performances, illustrated in Table 2.

MAPE (%) Mean ± St. Dev.

Labelled structures 5 10 20 50 100

Pre-trained model (d = 60%)
Autoregressive Np = 100 36.15 ± 13.48 20.18 ± 5.19 12.17 ± 3.31 2.29± 0.22 1.70± 0.19
Autoregressive Np = 1.000 28.14 ± 3.20 16.65 ± 1.21 8.80 ± 3.13 1.48± 0.18 1.21± 0.13
Autoregressive Np = 5.000 26.53 ± 1.57 13.58 ± 2.14 7.25 ± 3.09 1.22 ± 0.02 1.00± 0.01
Autoregressive Np = 10.000 22.48 ± 6.06 7.34 ± 0.95 2.63 ± 0.80 1.14± 0.04 1.03 ± 0.06

Pre-trained model (d = 70%)
Autoregressive Np = 100 28.95 ± 1.74 16.98 ± 2.96 11.85 ± 2.73 2.01 ± 0.20 1.51 ± 0.34
Autoregressive Np = 1.000 26.76 ± 2.49 16.34 ± 1.38 8.54 ± 1.89 1.53 ± 0.20 1.18 ± 0.16
Autoregressive Np = 5.000 25.18 ± 2.70 10.96 ± 2.46 6.79 ± 2.51 1.33 ± 0.13 1.27 ± 0.21
Autoregressive Np = 10.000 24.43 ± 4.08 8.46 ± 1.53 2.42 ± 0.53 1.20 ± 0.06 1.14 ± 0.17

Pre-trained model (d = 80%)
Autoregressive Np = 100 30.47 ± 3.47 20.04 ± 2.59 10.68 ± 4.25 2.34 ± 0.85 1.48 ± 0.07
Autoregressive Np = 1.000 26.10 ± 2.14 13.66 ± 3.22 6.01 ± 1.45 1.44 ± 0.05 1.17 ± 0.03
Autoregressive Np = 5.000 26.46 ± 2.46 12.60 ± 1.33 6.91 ± 1.28 1.38 ± 0.11 1.09 ± 0.05
Autoregressive Np = 10.000 26.50 ± 2.58 8.09 ± 3.28 2.39 ± 0.26 1.39 ± 0.20 1.07 ± 0.11

Pre-trained model (d = 90%)
Autoregressive Np = 100 35.76 ± 7.41 17.64 ± 2.58 8.66 ± 2.26 1.60 ± 0.17 1.33 ± 0.19
Autoregressive Np = 1.000 25.00 ± 3.89 17.31 ± 1.72 8.59 ± 2.79 1.45 ± 0.15 1.29 ± 0.20
Autoregressive Np = 5.000 23.01 ± 3.23 12.97 ± 2.91 3.15 ± 0.45 1.21 ± 0.08 1.05 ± 0.03
Autoregressive Np = 10.000 22.69 ± 2.36 8.83 ± 1.61 3.39 ± 0.40 1.25 ± 0.07 0.99 ± 0.06

Non pre-trained model
Autoregressive architecture 28.09 ± 1.63 21.10 ± 1.92 7.52 ± 1.59 1.15 ± 0.09 0.79 ± 0.09

Table 2: MAPE mean values (in %) plus or minus its standard deviation as a function of the
number of labelled structures used and of the training scenario for the autoregressive case. Best
performance is represented in bold for each case.

In the current paper, the Autoencoder model and the Autoregressive model are compared
to SSL, in order to investigate the influence of pre-text task on pre-training. Results obtained
do not allow to clearly distinguish between the two models when pre-trained on 5 structures,
due to the limited number of labelled samples. Nevertheless, results show that both pre-trained
models clearly outperform their non pre-trained counterpart in Few-Shots learning (more than
5 but less than 50 structures). The AR pre-trained model significantly outperforms the AE
pre-trained when fine-tuned on 10 or 20 structures, and has almost three times less estimation
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error than the best non pre-trained model. These results make sense since the autoregressive
task and the RUL estimation task have in common the task of predicting future outcome, and
may need to capture the temporal dependencies of the input signal. However, it can also be
seen that as the number of labeled samples increases, the difference between the pre-trained and
non pre-trained models is reduced (e.g. trained on more than 50 structures).

4 CONCLUSION

In this paper, a Self-Supervised Learning approach for fatigue damage prognostics problem
was presented and investigated. Four degradation scenarios were investigated and overall, results
showed that self supervised learning is efficient in prognostics and can improve RUL estimation
performances when a limited amount of labelled data is available. Also, results confirmed that
the number of pre-training samples matters, as well as the choice of the pre training model or
pre-text task.

In next steps, it would be interesting to explore other pre-text tasks (e.g. change prediction
time horizon, etc.) or other models (e.g. variational autoencoders). Also another direction
of research would be to investigate the robustness of pre-trained models to domain shift, i.e.
evaluate the performance of the fine-tuned models on a related data set following a slightly
different distribution.
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