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The high-dimensional sequential data available across various industrial scenarios may be contaminated with
both attribute and label noise, hindering the establishment of accurate deep learning-based prediction models.
The existing noise detection methods can only detect one type of noise. Conversely, in this article, a novel noisy
samples detection method is proposed to detect both types of noise simultaneously through generative learning.

An enhanced variational recurrent prediction model (EVRPM) is proposed to model the log-likelihood of samples,
which incorporates a label predictor and an auxiliary task into the variational recurrent neural network.
Moreover, an iterative detection process is adopted to refine EVRPM training and enhance noisy sample
detection, which is particularly beneficial for low-quality datasets. A prediction model with higher prediction
accuracy can be obtained using the refined dataset. The effectiveness and superiority of the proposed method are
verified using both public and real experimental datasets.

1. Introduction

With advances in sensor technologies and increased data storage
capabilities, an abundance of high-dimensional sequential data is now
available across various industrial settings, such as monitoring data
from numerous sensors installed on machines or deployed within
chemical production processes (Kara, 2022; Lin & Chang, 2022a; Xu
et al., 2022). Deep learning techniques have risen to prominence for
their ability to handle such data, achieving significant success in a range
of applications, such as the remaining useful life (RUL) prediction of
industrial machinery (Hong et al., 2023), quality control in
manufacturing processes (Bai et al., 2021) and state-of-health assess-
ment of consumer electronics (Tan & Zhao, 2020).

Nevertheless, the effectiveness of deep learning techniques relies on
the high quality of the training data. In industrial settings, it is common
for data to be contaminated with noise, which can significantly degrade
the performance of prediction models (Guan et al., 2021). Two primary
types of noise are recognized: attribute noise and label noise (Blanco
et al., 2022; Guan et al., 2021). Attribute noise, also known as feature
noise, arises from a range of issues such as sensor inaccuracies, trans-
mission limitations, and noisy environment. Label noise arises when
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samples are annotated incorrectly, resulting in noisy labels (Cappozzo
et al.,, 2020). Such labels may result from several factors, including
delayed data acquisition, inaccurate sensor signals, human errors, and
unknown impact events (Barrias et al., 2016). In this study, a sample
contaminated with either or both types of noise is referred to as a “noisy
sample”. In practice, it is common for datasets to exhibit both attribute
and label noise concurrently. Addressing both types of noise simulta-
neously is essential. However, the existing methods typically tackle
them separately, under the assumption that only one type of noise is
present in the dataset.

In the existing literature, methods to address noise are divided into
two main categories. The first category focuses on developing algo-
rithms that are robust to noise, with a predominant emphasis on label
noise mitigation. It has been pointed out that an appropriate level of
attribute noise during training can actually enhance the generalization
capabilities of deep learning models (Graves, 2012). Conversely, label
noise may cause overfitting (Feng et al., 2020) and has been found to be
more harmful to the model performance than attribute noise (Guan
et al.,, 2021). Consequently, much effort has been directed toward
mitigating the negative effect of label noise on model training. Wang
et al. (2019) proposed symmetric cross entropy, inspired by symmetric
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KL-divergence, to prevent deep learning models from overfitting to
noisy labels. Zhang and Sabuncu (2018) proposed a series of noise-
robust loss functions, which generalize mean absolute error and cate-
gorical cross entropy. Ghosh et al. (2017) and Liu and Guo (2020)
provided sufficient conditions for risk minimization under label noise
and introduced peer loss functions designed to learn from noisy labels,
respectively. However, these approaches primarily address classification
problems rather than regression tasks. Several distribution alignment
techniques (Qu et al., 2021; Zhang, Huang, Luo, & Zhao, 2022) have
been proposed, but they too focus on classification rather than regres-
sion. Furthermore, such methods do not focus on processing noise,
compromising their effectiveness, particularly in high-dimensional data
contexts (Feng et al., 2020; Guan et al., 2021).

The second category, which tries to detect noise within datasets, has
been increasingly popular in recent studies. The key benefit of these
methods is that high-quality data can be obtained after eliminating the
detected noise to train diverse deep learning-based prediction models
which, in turn, can promote the accuracy of predictions on the test data
(Teng, 2000). To detect attribute noise, reconstruction errors are
commonly employed as indicators of anomalies. For non-sequential
data, autoencoders (AEs) and variational autoencoders (VAEs) are
widely used to learn reconstructions. It has been argued that VAEs can
outperform AEs in noise detection, since they provide a probabilistic
measure, rather than a mere reconstruction error, for anomaly scoring,
thereby capturing data variability more effectively through latent
random variables with greater expressiveness (An & Cho, 2015). For
sequential data, AEs and VAEs are integrated with recurrent neural
networks (RNNs) to learn reconstructions due to their powerful capa-
bility of modelling such data (Ergen & Kozat, 2020; Maleki et al., 2021;
Zhou et al., 2021). Although these methods have shown promise in
detecting attribute noise, their capacity for detecting label noise is less
effective. Moreover, when dealing with sequential data, the indepen-
dence of latent random variables across timesteps may compromise their
representative ability (Girin et al., 2021).

To detect label noise, the core idea of the existing methods is that
larger prediction errors during training indicate that the corresponding
samples are more likely to be mislabeled. Guan et al. (2021) developed a
sequential ensemble noise filter, where multiple classifiers were trained.
A sample was detected as a mislabeled sample if the majority of these
classifiers’ predictions diverged from the given label of the sample. Chen
et al. (2022) proposed to adjust the weight of each sample in the loss
function according to the prediction error during training, assigning
lower weights to samples with larger prediction errors due to their po-
tential abnormality. Some works address the coexistence of both attri-
bute and label noise (Zhang & Huang, 2023; Zhang, Huang, Bai, & Xu,
2022; Zhang, Huang, Xu, & Bai, 2024), but these methods also detect
noisy labels when their losses exceed a certain threshold. However,
various factors may lead to large prediction errors, thus limiting the
reliability of these methods.

To improve the quality of high-dimensional sequential data and
consequently promote the prediction accuracy for test data, we propose
to simultaneously detect both attribute and label noise by leveraging the
log-likelihood of each sample, denoted by logp(X,y), where X represents
the input sequence and y denotes the corresponding label. In this study,
X is a high-dimensional sequence and y is a scalar. The log-likelihood of
each sample serves as a key measure of its alignment with the model’s
learned data distribution. It is an effective tool for detecting noisy
samples, including both attribute noise and label noise, as both types
disrupt the learned distribution and yield lower log-likelihood values. To
this end, an enhanced variational recurrent prediction model (EVRPM)
is proposed based on the variational RNN (VRNN) (Chung et al., 2016)
to approximate logp(X,y). The VRNN, which extends the VAE into a
recurrent framework, effectively models high-dimensional sequential
data by introducing temporal structure into the prior distribution of the
latent random variable, thereby improving the representative ability of
the model. In the EVRPM, we incorporate a label predictor and an
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auxiliary task—inspired by Goyal et al. (2017)—into the VRNN struc-
ture to more precisely model the joint probability distribution of the
inputs and labels. Moreover, we adopt an iterative learning approach in
our detection method, wherein outcomes from each iteration inform and
refine the subsequent one. Specifically, the initially trained EVRPM
might be less optimal due to the presence of numerous noisy samples.
However, by iterative learning, its reliability is expected to be improved
as more noisy samples are removed. Additionally, the robustness of the
proposed detection method is enhanced by reducing sensitivity to the
detection threshold, as it is not required to detect all noisy samples in a
single iteration. The iterative process is terminated when the prediction
error of the validation set no longer decreases. After removing the
detected noisy samples, a long short-term memory (LSTM)-based pre-
diction model is built using the remaining samples, which can achieve
more accurate prediction results for the test data. A public aircraft
turbofan engine degradation dataset (Saxena et al., 2008) and a real
experimental dataset related to the diesel hydrofining process collected
from a petrochemical workshop are used to verify the effectiveness of
the proposed detection method.

The main contributions are summarized as follows:

1) The EVRPM is introduced to model the log-likelihood of samples
by incorporating a label predictor and an auxiliary task into the VRNN. It
is specifically designed for high-dimensional sequential data, accounting
for temporal dependencies in the input, which are common in many
industrial applications where noise detection remains a crucial yet
underexplored challenge. The log-likelihood quantifies how well a
sample aligns with the learned data distribution, making it able to detect
both attribute and label noise more effectively than using prediction
errors.

2) The proposed detection method incorporates an iterative process
to refine the accuracy of the logp(X,y) modelling and mitigate the in-
fluence of the detection threshold on overall detection performance.
More noisy samples can be detected and the EVRPM can be trained to be
more and more accurate with iteration going on, leading to accurate and
stable detection results.

The remaining of this article is organized as follows. In Section 2, the
proposed method is detailed, including the proposed EVRPM and the
proposed iterative detection process. The effectiveness and superiority
of the proposed method are verified on a public turbofan engine
degradation dataset and a real experimental dataset regarding the diesel
hydrofining process collected from a petrochemical workshop in Sec-
tions 3 and 4, respectively. Finally, Section 5 concludes this work.

2. The proposed detection method

In this section, the proposed detection method is detailed. Firstly, the
proposed EVRPM used for logp(X,y) modelling is introduced and the
approximation of logp(X,y) is derived, which is used as an indicator for
identifying normal samples. Secondly, the implementation of the pro-
posed iterative detection process is detailed, in which the detected
samples in each iteration are removed and the EVRPM is retrained in the
next iteration using the remaining samples. The iteration process is
terminated when the prediction error of the validation set no longer
increases. Finally, a LSTM-based prediction model is built using the
remaining samples to predict the test data.

2.1. The proposed EVRPM for logp(X,y) modelling

For high-dimensional sequential data, the VRNN is an effective
modelling paradigm combining the advantages of VAE and RNN. It
consists of an inference network for encoding X into the latent random
variables Z to obtain the variational approximation of the intractable
posterior distribution, and a generation network for decoding Z back
into reconstructions of X. The latent random variables can model the
variability observed in the data and the temporal structure is further
introduced into the prior distribution of Z in the VRNN to improve the
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representative power of the model.

The VRNN contains a VAE at each timestep t and these VAEs are
conditioned on the state variable h;_; of an RNN. It will help the VAE to
take into account the temporal structure of the sequential data (Chung
et al., 2016). Specifically, let x* and 2' denote the input and the corre-

sponding latent random variable at timestep t, respectively. Let T denote
the number of timesteps in X, then X = [x]_,,x' ¢ R* and Z = [2']]_,,
2' € R%. Instead of setting the prior distribution of 2’ to be a standard
Gaussian distribution like in the original VAE, the prior distribution .(z")

is derived from h;_; as follows:
(7)) = N(zf; e diag(af)z) ) b}
(Ho.0%) = @™ (her)

where ¢ is a neural network (e.g., fully-connected layers) to compute
the parameters of .(2") from h;_;. In this way, ~(2") depends on all the
preceding inputs via the RNN hidden state h; 1, which introduces tem-
poral structure into .(2"). In a similar fashion, the approximate posterior
distribution of 2* will not only be a function of x* but also of h, ; as
follows:

##)x) = N(4, diag(61”) ), @

(1. 03) = @™ (¢ (x"), her )

where ¢ and ¢* are neural networks to compute the parameters of
#(2'|x') and extract features from x!, respectively. The hidden state is
updated using the recurrence equation:

he = fo(*(x'), ¢*(2), he1 ) &)

where fy is a deterministic non-linear transition function, which is
implemented with LSTM in this work, and ¢* is a neural network to
extract features from 2.

The generating distribution for reconstructions is conditioned on 2*
and h;_; as follows:

s(xt|2h) = N(x‘;ﬂﬁ(, diag(6;2> ), @

(H03) = 0™ (¢ (2) her)

where % is a neural network to compute the parameters of ,.(x!|z!). To
model the logp(X, y), a label predictor is further introduced in the
EVRPM. For a scalar y, the distribution for y is conditioned on 2 and hr
as follows:

#(iz") = N(y:p,, diag(c?) ). ®)

(120) = (o7 (2) e )

where P is a neural network to compute the parameters of (y|2").
Note that hr is a function of 2<” and x=T. Therefore, »(y|2") also defines
the distribution (y|2<T).

It has been empirically observed that it may be difficult to learn
meaningful Z in the VRNN when coupled with a strong autoregressive
decoder (Goyal et al., 2017). The approximate posterior of Z tends to
provide a too weak or noisy signal, due to the variance induced by the
stochastic gradient approximation. As a result, the strong decoder may
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Fig. 1. The graphical illustration of the EVRPM. In the inference network,
#(2'|x") is derived from ¢*(x') and h,_;. While in the generation network, (2")
is derived from h;_;. Reconstructions of x* is conditioned on 2* and h;_;, and y is
conditioned on 2" and hr. The double line indicates predicting ¢ (x*) using 2'.

learn to ignore Z and instead to rely solely on X, causing X and Z to be
independent. To solve this problem, it was proposed in Goyal et al.
(2017) to force Z to contain useful information by predicting the hidden
state of the backward encoder using Z, and bi-directional LSTM was
adopted for the backward encoder. Similarly, we propose to add an
auxiliary task in the EVRPM, which is to predict ¢*(x*) using 2, to force
z' to encode useful information. Specifically, a neural network @@
takes 2 as input and outputs the predicted ¢*(x'), denoted by ¢®~i(z"),
at each timestep. Different from the method proposed in Goyal et al.
(2017), the proposed auxiliary task does not require a backward encoder
which, in turn, eases the training of the model.

The graphical illustration of the EVRPM is shown in Fig. 1, where
solid lines and dashed lines represent respectively the computation of
generation network and inference network, and diamonds and circles
represent respectively deterministic and random variables. A double line
indicates the proposed auxiliary task.

The training objective of the EVRPM is a regularized version of the
variational evidence lower bound (ELBO) of the log.(X,y) based on the
variational free-energy, where the regularization is imposed by the
prediction accuracy of the auxiliary task. The ELBO of log.(X.y) is
derived as follows:

(X, y,Z )

~ By o8 )| |+ Dualp 2K y)aIK.)

> E,zxy) {log %} ]

(6)

where Dg; denotes the KL-divergence between two distributions, and

E,zxy) {log kgg}ii“ is the ELBO of log.(X,y). The expectation is

approximated with one sample from the ,(Z|X,y) by using re-
parameterization. To maximize the ELBO of log.(X,y) and minimize
the prediction error of the auxiliary task, the final loss function for
EVRPM training is as follows:
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2

ZX.y) = By [log B2 | afg(2) - g0

=E,zxy [l0g+(X,¥|12) | — Dia(7(2|X, y)}(Z)

+
) {ilogw:) P TR )

2 x 6l
2
bn)

+ A[p™(2") — g (x") }2 } +%log((ry) + 2% 0,
where 1 is a weight to rebalance the values of the ELBO of log.(X,y) and
the prediction error of the auxiliary task to a same scale. Using this loss
function, the EVRPM can be trained via stochastic gradient descent with
the re-parameterization trick (Goyal et al., 2017).

To detect noisy samples, the ELBO of logp(X,y) is used to approxi-
mate logp(X,y) as an indicator S for normal samples. For a sample

(Xiv.yi): Xl

T

Si—%Z{ log(e?) + (Xt ”X) +DKL(Q(ztxt)P(zt))}

(i-m)

2 x oy

= [xt] +_1» its S; is calculated as follows:

®
1

+3 log(oy) +

A small value of S suggests a high probability of noise in the sample.

2.2. The implementation of the proposed detection method

To build the EVRPM, N available labeled samples D = {X;, yi}ll are
divided into a training set Dyq;, and a validation set D, at a 9:1 ratio.
The training set is used to train the model, whereas the validation set is
used to determine the number of training epochs in each iteration and
when to terminate the iterative process. The algorithm of the proposed
detection method is given in Algorithm 1.

Algorithm 1. The proposed detection method

Require: dataset: D = {X;, yl}?il
Output: the refined dataset: D

1: initialize EVRPM,j =0

20 Doy, DYy = {Xeyi}iy oo {Xi-yi}:ilosmu

3: repeat

4 jej+1

5: train the EVRPM using D)},

6: calculate S; for each sample in D by Eq. (8).

7 calculate yg and o5 of all S; by Eq. (11) and (12), respectively
8  Dlun{Xiyi|S: > ps —305,1 <i< [0.9N]}

90 Dl {Xiyi|Si > us — 305,|0.9N] <i <N}

10: calculate msél

using the trained EVRPM by Eq. (13).
11:  until mse,, > mse’ml1

12: returnD =D/ UD !

train val

The iterative process is presented in Steps 3—-11 of Algorithm 1. In Step 5,
the EVRPM is trained in the j-th iteration to minimize the loss of D}
with mini-batch technique. The loss of D{,al is monitored and the training
is terminated when the loss of D’ . Do longer decreases. The loss of a
batch of samples {Xl, y,} is calculated based on (7) as follows:

Z(Xoyith) =4 }}flm 9

where Nj, is the number of samples in the batch.
Afterwards, the trained EVRPM is used to calculate the S; for each
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sample in D for detection. It is assumed that the values of S; for normal
samples follow a Gaussian distribution, which is also observed in the
experimental results. Considering more noisy samples can be detected as
iterations go on, a relatively small detection threshold is preferred to
avoid detecting normal samples as noisy samples. Therefore, the
detection threshold is set according to the 3¢ principle as follows in each
iteration:

threshold = yg — 305 (10)

where yg and o5 are the mean value and the standard deviation of all S;
in each iteration, respectively.

1 N
ﬂs:ﬁ;

Si 1D

1

T O (Si—as)’ 12)

O0s =

Mz

Il
-

The samples whose S; < ug —30; are identified as noisy samples and
removed. The remaining samples are used for the subsequent iterations.
Note that it is unnecessary to detect all noisy samples in one iteration,
since then noisy samples can be detected in the subsequent iterations.
Therefore, a relatively small detection threshold value can also achieve
satisfactory detection performance. That is to say, the iterative detection
process reduces the sensitivity to the detection threshold. Besides, the
EVRPM can be trained to be more accurate as iterations go on, since
more noisy samples are removed. Consequently, more accurate detec-
tion results can be achieved by this iterative process.

Considering that the purpose of the noisy samples detection is to
improve the data quality and further build a more accurate prediction
model for test data prediction, the prediction error of D{,al is monitored in
Step 11 of the j-th iteration, which is measured by the mean square error
(MSE) as follows:

mschy === 3 (1 ~3)’ as

val Yi epi "

where N{,al is the number of samples in D’ml
the EVRPM. If mse , is larger than mse/|

val ?
terminated and the detection is completed.

Finally, using the samples in the refined D, a LSTM-based prediction
model is built for test data prediction. It is expected to achieve more

accurate prediction results after removing the detected samples.

and Hy, is calculated in (5) by

then the iteration process is

3. C-MAPSS case study

In this section, the effectiveness of the proposed method is verified
using a publicly available dataset, related to the degradation process of
turbofan engines (Saxena et al., 2008). This dataset is denoted by C-
MAPSS.

3.1. Dataset description and preprocessing

The C-MAPSS dataset contains four subsets differing in the number of
fault types and experienced operational conditions. One of them is used
in this case study, denoted by FD0O1, which has only one fault type and
the experienced operation condition remains unchanged. Two data
subsets are included in FD0OO1 and denoted by FDOO01_train and
FDOO1 _test, respectively. The former is used to generate D to build the
prediction model and the latter is used for its test. FDOO1 is composed of
high-dimensional sequential data collected from 21 sensors and 3
operational condition measurements. The data from 14 sensors that are
time-varying are chosen as inputs, i.e., d, = 14 in this case study. They
are normalized to be within the range of [0,1] using the min-max
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normalization method. The target is the number of remaining opera-
tional cycles before failure, i.e., RUL. According to related researches (Li
et al., 2018; Lin & Chang, 2022b), a piecewise linear function is applied
to obtain the labels, where it is assumed that the RUL labels in the early
period are constant and set to 125. Sequential samples are generated via
a sliding window, which slides from the first timepoint to the last
timepoint of the monitoring data collected from one engine. For each
sample, the input sequence contains all the monitoring data within the
window, and the label is the RUL corresponding to the last timestep. The
size of sliding window is set to 40, i.e., T = 40.

The noisy samples may arise in such a situation. An unknown impact
event during the engine’s degradation process triggers rapid degrada-
tion, leading to premature failure. As a result, labels of samples gener-
ated prior to the impact are underestimated, and certain samples exhibit
abnormal attributes, as illustrated in Fig. 2. To simulate this situation,
we remove monitoring data spanning T, consecutive timepoints,
starting at random points in the degradation process, per h engines in the
FDOO1 _train. Then, samples are generated from the remaining data
using a sliding window. In Fig. 2, the colors red, green and blue repre-
sent the samples with label noise, attribute noise and no noise, respec-
tively. In this case study, we set Ty = 50 and h = 3. Fig. 3 shows the
original monitoring data from a sensor of one engine and the remaining
data used to generate the noisy samples. Note that noise is only added to
the data of the FD0O1_train, whereas the FD0O1_test is assumed to be a
normal dataset with no noise for evaluating prediction accuracy.

The values of the hyper-parameters for the EVRPM training in this
case study are provided in Table 1, as determined according to the loss of
the validation set.

3.2. Experimental results and comparison

The effectiveness of the proposed method is verified through an
ablation study by comparison with three baseline methods. Method I
trains a LSTM-based prediction model using the noisy data in the
FDOO1 _train directly. Compared with the proposed detection method,
Method II omits the auxiliary task from the EVRPM training, and Method
III does not employ the iterative detection process. To further verify the
performance of the proposed method, it is compared against two widely
used noise detection methods for high-dimensional sequential data: a
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Fig. 3. Illustration of the original monitoring data and the remaining moni-
toring data of one sensor for noisy samples generation. The red, green and blue
dashed boxes represent samples with label noise, attribute noise and no noise,
respectively. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

Table 1
The hyper-parameters for the EVRPM training for the
C-MAPSS dataset.

Hyper-parameters Values
training batch size 1024
d, 8
learning rate 0.003
A 1

prediction error-based method and a reconstruction error-based
method. In the former, a LSTM-based prediction model is built and its
prediction error of each sample is used as an indicator for noisy samples.
In the latter, a LSTM-based AE is built to simultaneously reconstruct
attributes and labels of samples. The noisy samples are identified as the

remaining monitoring data

from one engine

features labels
! X1 ! N
' ! RUL
| Xy | Vo — — = true RUL
N labels
| | \
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Fig. 2. Illustration of the noisy samples generation procedure in the C-MAPSS dataset. At each timepoint, x; € R'* is collected and the corresponding label y; is
annotated. Monitoring data from x.,; to Xy, are removed to simulate an unknown impact. Consequently, the samples with attribute noise and label noise are
generated and highlighted by the red and green dashed box, respectively. While the blue dashed box denotes a normal sample. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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samples with reconstruction errors larger than the threshold. For fair
comparison, these two methods also adopt the same iterative process as
the proposed method.

In this paper, the root mean squared error (RMSE) is used to measure
the prediction error of test set, calculated as follows:

e 14)

RMSE(Du) = | [, 1 d
where N is the number of samples in the test set and d; = ¥ rest —Yiest
denotes the error between the label and the corresponding predicted
value of the i-th sample in the test set. The prediction error of the test set
is expected to be reduced by training the prediction model using the
refined D. Additionally, two types of detection errors are also presented
for each detection method. The first type is called E;, in which normal
samples are incorrectly identified as noisy samples. The second type is
called E,, in which noisy samples are incorrectly identified as normal
data. We adopt three indicators (Brodley & Friedl, 1999; Guan et al.,
2021) to measure the detection errors as follows:

K-MnNnK

p(E1) = N_M (15)
M-M

p(Ez) :TOK (16)
1

p(E) = §(P(E1)+P(E2)) a7

where K denotes the number of detected samples, M denotes the number
of real noisy samples and N denotes the number of samples in D.

The distributions of the values of S; in two iterations are shown in
Fig. 4. The distribution of the values of S; for normal samples is close to a
Gaussian distribution in each iteration. Besides, as iterations go on, more
noisy samples are removed and the distribution of the values of S; for all
samples becomes closer to a Gaussian distribution. Therefore, it is
reasonable to calculate the detection threshold according to the 3¢
principle. Whereas S; of certain noisy samples are larger than the
threshold in the first iteration, their values diminish in the second iter-
ation since the EVRPM is trained to be more accurate. Therefore,
employing an iterative process is both logical and essential for noise
detection.

Table 2 presents the experimental results of all methods. Firstly, the
results of the ablation study show that each component of the proposed
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—o—1stiteration 2nd iteration
35% -
30% -
25% -
20% -

15% -

frequency

I
I
I
I
1
I
I
1
I
10% - :
I
I

5% -

- (o

0%-0701010101'01.77,.ﬁ&1—r| III T
-8.5 -7.5 -6.5 -5.5 -4.5 -3.5 -2.5 -1.5 -0.5 0.5 1.5 2.5 3.5 4.5

values of §;

Fig. 4. Distributions of the values of S; in two iterations for C-MAPSS dataset.
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Table 2
Experimental results of all methods on the C-MAPSS dataset.
Methods RMSE  p(E1) p(Ez2) p(E)
Method I 18.12 — _ _
Method 1T 15.09 0.12 0.45 0.29
Method III 14.80 0.00 0.33 0.17
prediction error-based method (Guan et al., 15.40 0.04 0.39 0.22
2021)
reconstruction error-based method (Maleki 16.03 0.06 0.63 0.35
et al., 2021)
proposed method 13.98 0.06 0.18 0.12

method plays a significant role in improving prediction accuracy and
robustness. Method I obtains the largest prediction error, indicating that
it is necessary to detect and remove the noisy samples before building
the prediction model for test data prediction. Method II achieves un-
satisfactory results since the independence of latent random variables
across timesteps hinders accurate modelling of the log-likelihood of
samples. In Method III, the noisy samples are detected in a single iter-
ation. All detected samples are real noisy but only 67 % of real noisy
samples are detected, leading to a larger prediction error of the test set
compared to the proposed method. Both the prediction error-based and
the reconstruction error-based methods deliver unsatisfactory results
since the prediction errors and the reconstruction errors are influenced
by several factors, such as parameters initialization and model capa-
bility. The proposed method achieves the best performance.

To evaluate the performance of the proposed method with larger
ratios of noisy samples, partial monitoring data are removed from
additional engines to increase the proportion of noisy samples. Specif-
ically, removing monitoring data from every 3 engines (h = 3) resulted
in a noisy sample ratio of approximately 1/3. Furthermore, two addi-
tional experiments were conducted in which half and two-thirds of the
engines had their partial monitoring data removed, leading to noisy
sample ratios of approximately 1/2 and 2/3, respectively. The experi-
mental results for these 3 different noisy sample ratios are presented in
Table 3. Although the prediction accuracy decreases as the ratio of noisy
samples increases, the proposed method improved the prediction ac-
curacy by more than 18 % in each case, owing to the proposed iterative
detection process.

4. The diesel hydrofining process case study

In this section, the proposed method is applied on a real experi-
mental dataset related to the diesel hydrofining process of a petro-
chemical workshop.

4.1. Dataset description and preprocessing

This dataset was collected from a diesel hydrofining process. A
simplified process flowchart with a part of sensors is illustrated in Fig. 5.
The diesel hydrofining process involves feed oil and hydrogen passing
through a catalyst bed within reactors under the action of the

Table 3
Experimental results of different ratios of noisy samples.
Ratios of noisy Methods RMSE p(E1) p(E2) p(E)
samples
1/3 Method I (no 18.12 - - -
detection)
proposed method 13.98  0.06 0.18 0.12
1/2 Method I (no 19.88 - - -
detection)
proposed method 15.75  0.11 0.21 0.16
2/3 Method I (no 22.12 - - -
detection)
proposed method 18.01 0.17 0.25 0.21
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Fig. 5. Illustration of the diesel hydrofining process and some sensors.

hydrofining catalyst. In this way, non-hydrocarbon compounds such as
sulfur, nitrogen, and oxygen are transformed into their respective hy-
drocarbons, hydrogen sulfide, ammonia, and water, thereby reducing
the sulfur content in diesel. The sulfur content is determined by the
properties of the feed oil and the values of process parameters such as
reaction temperature and flow. The target is to predict the sulfur content
using the monitoring data from multiple sensors, which record the
properties of the feed oil and process parameters. At each timepoint,
monitoring data from 19 sensors are collected. The monitoring data of
the recent six timepoints are used as input to predict the label of the last
timepoint, i.e., T = 6 and d, = 19 in this case study. The labels are ob-
tained from a sulfur content monitoring device. The min-max normal-
ization method is applied also to this dataset. All samples are divided
into two subsets at a 10:1 ratio. The first subset is used as D to build the
prediction model and the second subset is used as the test set Dy5;. The
partial monitoring data from three randomly selected sensors and the
partial labels are shown in Fig. 6.

Both attribute and label noise exist in this dataset. Monitoring data
from each sensor may be contaminated with noise, arising attribute
noise. Meanwhile, inaccuracies in the sulfur content sensor introduce
label noise.

The values of the hyper-parameters for the EVRPM training in this
case study are the same as those in the previous case study, except for
d, = 2 in this case study.

4.2. Experimental results and comparison

The detection results and the distributions of the values of S; in a total
of four iterations in this case study are shown in Fig. 7. In this case study,
a real dataset collected from a petrochemical workshop is used, which
has low data quality and complex mechanisms. As a result, a larger
number of iterations are required, compared to the previous case study,
to obtain optimal detection performance. It can be observed that the
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Fig. 7. Detection results and distributions of the values of S; for the diesel
hydrofining process dataset.

RMSE of the test set decreases with iterations going on. This confirms
that an iterative process is essential especially for low-quality data.
The experimental results of the proposed method and 5 comparative
methods are listed in Table 4. These results support conclusions similar
to those drawn for the previous case study in Section 3.2. Note that the
real noisy samples are unknown in this dataset. Therefore, the detection
errors cannot be quantified. To illustrate the detection results, the pro-
jections of 2T of randomly selected partial samples are shown in Fig. 8
(a), where each point represents a sample and different colors represent
different normalized label values. Points encircled in red signify samples
detected as noisy samples. It can be observed that two types of noisy
samples are detected. One type is the samples far away from others,
which are contaminated with attribute noise. The other type is the
samples whose labels diverge from neighboring ones, indicating label

Table 4
Experimental results of all methods on the diesel hydrofining process dataset.

Methods RMSE  Number of detected
samples
Method I 0.64 0
Method II 0.55 586
Method III 0.57 786
prediction error-based method (Guan et al., 0.46 7203
2021)
reconstruction error-based method (Maleki 0.62 754
et al., 2021)
proposed method 0.40 3369
1
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Fig. 6. (a) Partial monitoring data and (b) partial labels in the diesel hydrofining process dataset.
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Fig. 8. Projections of 2! learned in (a) the EVRPM and (b) Method II.

noise. Similarly, the projections of 2z’ of randomly selected partial
samples learned in Method II are also shown in Fig. 8(b). Compared with
Fig. 8(b), the 2T corresponding to different labels can be disentangled in
the two dimensions in Fig. 8(a). It verifies that the representative ability
of the latent random variables associated with the labels can be
improved by the proposed auxiliary task.

5. Conclusions

In this article, a novel detection method for noisy samples in high-
dimensional sequential data is proposed. Different from existing
methods, the proposed method can detect both attribute and label noise
simultaneously by considering the log-likelihood of samples. It can be
very useful for deep learning-based predictions in industrial applica-
tions, where data quality directly affects model accuracy and reliability.
The EVRPM is proposed to model the log-likelihood of samples by
introducing a label predictor and an auxiliary task into the VRNN. The
following main conclusions can be obtained according to the experi-
mental results from two case studies: 1) The proposed detection method
can refine the noisy dataset, building a more accurate prediction model
than the baseline methods and two widely used methods. 2) With the
integration of the auxiliary task, the proposed EVRPM can model the
log-likelihood of samples more accurately, which in turn facilitates both
attribute and label noise detection 3) Through an iterative detection
process, noisy samples can be detected more thoroughly, and the ac-
curacy of EVRPM can be further improved.

One limitation of the proposed method is that the attribute noise and
label noise are not distinguished. In the future, we will investigate to
distinguish between them by modelling logp(X) and logp(y|X). Besides,
mislabeled samples can be corrected based on similarities in the feature
space.
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