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Abstract—The reliable operation of industrial systems requires
not only the prompt detection of faults but also their accu-
rate classification into the appropriate categories. At present,
numerous data-driven industrial fault detection and diagnosis
models, which have been developed based on historical fault
data, frequently neglect the issue of label noise. When labels
are corrupted by noise, a significant degradation in the per-
formance of industrial fault detection models can be observed.
In this paper, a label-noise-resistant time-series classification
method based on consistency-driven label correction, referred
to as LNRTSC, is proposed. First, an attention-based temporal
correlation-enhanced (TCE) encoder is introduced to extract low-
dimensional representations of industrial time series. Then, label
confidence, which is assessed based on local label consistency,
is utilized to correct noisy labels during training. In addition,
a two-stage self-supervised enhancement strategy is designed to
guarantee the reliability of the corrected labels. Specifically, a
reconstruction loss term is introduced to assist feature extraction
in the warming-up stage, and a newly-designed contrastive
loss term is added to the loss function for the LNL training
stage, which mitigates the effect of false negatives. Finally,
the effectiveness of the LNRTSC method is validated on the
Tennessee Eastman process and the SEU-gearbox dataset. When
compared to peer methods, the LNRTSC approach demonstrates
substantial improvements in fault classification performance on
corrupted data.

Index Terms—Learning with noisy labels, label correction,
self-supervised learning, time-series classification, industrial fault
detection.

I. INTRODUCTION

Industrial fault classification plays a critical role in industrial
fault detection and diagnosis, which ensures the safety, relia-
bility, and efficiency of industrial production [4], [20], [29]. As
the modern industrial systems become increasingly complex,
even minor faults may lead to substantial economic losses
or safety hazards. The accurate classification of faults into
their respective categories facilitates prompt fault diagnosis
and system recovery [10], [27], [34].
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With the widespread adoption of large-scale sensor net-
works and Industrial Internet of Things technologies, the
volume of available industrial process data has expanded
exponentially, facilitating the advancement and application of
data-driven fault classification approaches [11], [13], [15],
[26]. As deep learning technologies continue to evolve, the
fault classification problem is predominantly formulated as a
time-series classification task by most data-driven approaches
[2], [21]. These methods aim to train a classifier based on
representations extracted from industrial process time series
and the corresponding fault labels.

Among the most widely adopted deep learning techniques,
one-dimensional convolutional neural networks (1D CNNs)
are particularly effective in hierarchical information extraction
and capturing local patterns, making them extensively utilized
for fault identification in equipment such as motors and
turbines [9], [10], [35], [37]. Long short-term memory (LSTM)
networks, which can flexibly retain, update, or discard infor-
mation, effectively model long-term dependencies, rendering
them suitable for detecting faults over extended time periods
[38]. Transformer-based models [25], leveraging self-attention
mechanisms, are capable of handling long-range dependencies
while enabling parallel computation, thereby delivering supe-
rior performance on large-scale datasets from complex indus-
trial systems. Overall, these deep learning-based approaches
facilitate accurate, scalable, and automated fault detection and
diagnosis in modern industrial applications. However, existing
deep learning-based fault detection and diagnosis methods
mostly rely on monitoring statistics (e.g., reconstruction errors)
to assess the statistical differences between faulty and normal
samples, while seldom explicitly using changes in long-term
temporal dependencies as diagnostic criteria. Therefore, the
fault detection performances of these methods are limited and
unreliable in complex noisy situations.

The aforementioned data-driven methods usually exhibit
satisfactory performance in time-series analysis and fault
classification, but their effectiveness is highly dependent on
the quality of historical data and labels. However, in real-
world scenarios, label noise is a prevalent issue that can
be introduced by various factors (e.g., expert disagreements,
sensor-level ambiguity, inconsistent labeling protocols, process
drifts, abnormal operating conditions and ambiguous boundary
definitions between classes), thereby compromising the relia-
bility of training data [30], [31]. Consequently, the develop-
ment of a label-noise-resistant time-series classification model
is essential for enhancing the robustness of industrial fault
detection and diagnosis.
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To mitigate the adverse effects of noisy labels on deep
learning models, numerous learning with noisy labels (LNL)
methods have been proposed in recent years [30], [31], which
can primarily be categorized into two groups based on their
underlying principles. The first category consists mainly of
sample selection [14], [17] and label correction methods
[1], [33], both of which aim to enhance data quality. In
sample selection-based methods, clean and noisy samples are
initially identified using loss values or other metrics. The
noisy samples are then gradually excluded during training.
For instance, in [14], samples with small loss values have
been considered informative and used to update the models.
While sample selection-based methods have gained popularity
in addressing the issue of noisy labels, they are less suitable
when data availability is limited. To maximize the utilization
of information within a given dataset, label correction-based
methods first assess the label confidence for each sample and
then refurbish noisy labels based on the model predictions.
For example, in [1], the proposed LNL method has been
developed to estimate label confidence by evaluating local
label consistency, and subsequently correct the labels using
both the label confidence and predictive values. However, after
training several epochs of warming up, the model’s predictions
may still be inaccurate for some hard samples that are difficult
to be classified, which compromises the reliability of the
corrected labels. Considering the limitations mentioned above,
various methods have been developed to minimize the impact
of noisy labels in different ways, mainly by refining model
architectures [12], designing specialized loss functions [23],
and incorporating regularization techniques [19].

The paper aims to address the time-series classification
problem under label noise and propose a label-noise-resistant
time-series classification method (LNRTSC). Given that the
dependencies between time steps reflect the underlying dy-
namic characteristics of multivariate time series, the LNRTSC
includes a temporal correlation-enhanced (TCE) encoder. The
TCE encoder innovatively incorporates the multi-head atten-
tion [24] score matrix as an explicit feature, which is con-
catenated with the extracted features, enabling the classifier to
learn the variations in long-term dependencies under different
fault conditions. In addition, to effectively mitigate the impact
of noisy labels while maximizing data utilization, the proposed
LNRTSC method is developed within a consistency-driven
label correction framework. Furthermore, a two-stage self-
supervised enhancement strategy is designed to guarantee
the reliability of the corrected labels. Specifically, during the
warming-up stage, a reconstruction loss term is introduced to
assist feature extraction. After that, a novel contrastive loss
term is added to the loss function for the LNL training stage,
which mitigates the effect of false negatives.

The novelty of our method can be summarized as follows:
1) A novel attention-based temporal correlation-enhanced

encoder (TCE) is introduced to produce low-dimensional
representations for industrial time series.

2) A consistency-driven label correction framework is pro-
posed to evaluate label confidence and refurbish the
labels for model training.

3) A two-stage self-supervised enhancement strategy is

designed to guarantee the reliability of the corrected
labels.

The remainder of this paper is structured as follows.
Section II provides an overview of recent related work on
LNL. Section III details the module structures and underlying
principles of the proposed LNRTSC method. In Section IV,
the Tennessee Eastman process (TEP) and the SEU-gearbox
dataset are utilized to validate the effectiveness of LNRTSC.
Finally, conclusions and directions for future research are
presented in Section V.

II. RELATED WORK

In this section, we introduce the recent LNL-related studies
with focus on approaches that integrate various learning tech-
niques and demonstrate competitive performance in addressing
the challenges posed by noisy labels.

A representative approach, known as Co-teaching, has been
introduced in [14], where two networks are trained simul-
taneously, with each selecting small-loss samples to update
its peer network. Another notable method, joint training with
co-regularization (JoCoR), has been proposed in [36]. The
JoCoR method jointly trains two neural networks using a loss
function that combines conventional supervised learning loss
with a co-regularization term, encouraging agreement between
the models. The intrinsic similarity, which is measured by the
contrastive InfoNCE loss, has been utilized by the co-learning
approach [32], to mitigate the impact of noisy labels on model
performance. In [16], a twins contrastive learning framework
has been proposed, which employs two twin branches and
leverages contrastive learning to pull together representations
of the same samples while pushing apart representations
of different samples, thereby obtaining more robust and
discriminative representations. In the aforementioned work,
the positive pairs are various transformations of one certain
sample, while the negative pairs are transformations of two
different samples. However, this technique aggregates same-
class samples relatively slowly, and its effectiveness may be
limited when applied to time-series data. In [28], a supervised
contrastive learning strategy has been employed to directly
impose supervision in the hidden space for label correction. In
this approach, samples sharing the same corrected soft labels
are treated as positive pairs, while those with different cor-
rected soft labels are considered negative pairs. However, the
proposed strategy in [28] may be affected by false negatives,
as the initial soft labels used to form positive pairs are not
always correct. To solve the challenges, our LNRTSC method
newly designs the positive and the negative pairs based on
corrected labels and nearest sample neighbors to avoid false
negative problem.

The DivideMix approach has been proposed in [22], which
formulates noisy label learning as a semi-supervised problem
by separating samples into clean and noisy sets using a two-
component Gaussian Mixture Model (GMM) over their losses.
Unlike DivideMix, the proposed LNRTSC method fits the
local label consistency (LLC) scores and evaluates label con-
fidence using the Dirichlet Process Gaussian Mixture Model
(DP-GMM) [3]. DP-GMM can automatically determine the
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number of Gaussian components, making it more flexible and
better suited for complex datasets with hard samples. Recent
studies have explored multi-granularity strategies to mitigate
the impact of noisy labels in fault diagnosis. For exam-
ple, the MgCNL method has incorporated a label-confidence
evaluation technique based on granular-ball computing [5],
enabling the selection of high-confidence samples from noisy
datasets for supervised learning and thus avoiding the nega-
tive impact of noisy labels. Multi-granularity label-correction
approaches such as multi-granularity cluster fusion (MgCF)
[6], the multi-granularity labeling (MgL) strategy [7], and the
multi-granularity ball-intra fusion (MgBIF) [8] have also been
proposed to more effectively suppress the misleading effects
of noisy labels.

To evaluate the effectiveness of the LNRTSC method,
the JoCoR, the Co-teaching and the DivideMix methods are
selected as comparative approaches. To address the time-
series classification problem, the Transformer and the 1D
CNN are employed as backbone networks for both methods,
denoted as JoCoR (CNN), JoCoR (Transformer), Co-teaching
(CNN), Co-teaching (Transformer), and DivideMix (CNN),
and DivideMix (Transformer).

III. PROPOSED METHOD

Since merely filtering out samples with noisy labels would
inevitably lead to the loss of valuable information, the pro-
posed LNRTSC method is developed within a consistency-
driven label correction framework. The LNRTSC method
consists of two stages. In the first stage, the model is warmed
up for several epochs using the original noisy labels. After
this warming-up stage, the labels are corrected based on
label confidence [1] and model predictions, and the corrected
labels are then used to supervise the LNL training stage. The
overall pipeline of the proposed LNRTSC method is shown
in Algorithm 1. To facilitate effective feature extraction, an
attention-based temporal correlation-enhanced (TCE) encoder
is newly designed to learn high-quality low-dimensional rep-
resentations of time series. Additionally, a two-stage self-
supervised enhancement strategy is employed to ensure the
reliability of the corrected labels, introducing a reconstruction
loss term to enhance feature extraction and a novel contrastive
loss term to mitigate false negatives.

A. Problem statement

The paper aims to develop a novel label-noise-resistant
time-series classification method, which is capable of accu-
rately categorizing time series data into its respective category
while mitigating the impact of the noisy labels.

The established model of our method consists of three
modules: a TCE encoder 𝑔(·), a classifier 𝑓 (·) and a de-
coder ℎ(·), as illustrated in Fig. 1. Considering the temporal
dependencies of the time series data, the input is serialized
before transmitted into 𝑔(·), the serialized sample is denoted
as 𝒙𝑖:(𝑖+𝑇 ) (𝑇 is the length of the sliding window). The noisy
training dataset is denoted as 𝐷̃ = {𝒙𝑖:(𝑖+𝑇 ) , 𝒚̃𝑖}𝑁𝑖=1, where 𝒚̃𝑖 is
one-hot vector of noisy label 𝑦̃𝑖 ∈ {1, · · · , 𝐶}. 𝑁 is the number
of training samples, and 𝐶 is the total number of classes.

Algorithm 1: LNRTSC Method

Input: Noisy dataset 𝐷̃ = {𝒙𝑖:(𝑖+𝑇 ) , 𝒚̃𝑖}𝑁𝑖=1, epochs for
warming up 𝐸warmup, total epochs 𝐸 , batch size
𝑁𝑏, hyperparameters 𝑘 , 𝜂.

Output: Model’s parameters 𝜃
1 Randomly initialize 𝜃
2 for 𝑒 ← 0 to 𝐸warmup do
3 Train(𝐷̃, 𝜃) with loss L𝑤𝑎𝑟𝑚 in (9)
4 end
5 for 𝑒 ← 0 to 𝐸 do
6 for 𝑖 ← 0 to 𝑁 do
7 Obtain N𝑘 (𝑖) and S𝑖𝑚(N𝑘 (𝑖)) based on the

learned representation 𝒛𝑖 = 𝑔(𝒙𝑖:(𝑖+𝑇 ) )
8 Obtain every sample’s local label consistency

𝐿𝐿𝐶𝑖 =
∑
𝑗∈N𝑘 (𝑖) 1[ 𝒚̃𝑖 = 𝒚̃ 𝑗 ]

9 end
10 Fit GMM on {𝐿𝐿𝐶𝑖}𝑁𝑖=1 and obtain per-sample

label confidence W = {𝑤𝑖}𝑁𝑖=1

11 for 𝑛← 0, 1, · · · , |𝐷̃ |
𝑁𝑏

do
12 Randomly draw a mini-batch

{(𝒙𝑖:(𝑖+𝑇 ) , 𝒚̃𝑖 , 𝑤𝑖)}
𝑁𝑏

𝑖=1
13 for 𝑖 ← 0 to 𝑁𝑏 do
14 𝒚̂𝑖 = 𝑓 (𝑔(𝒙𝑖:(𝑖+𝑇 ) ))
15 𝒚∗

𝑖
= 𝑤𝑖 𝒚̃𝑖 + (1 − 𝑤𝑖) 𝒚̂𝑖

16 end
17 Calculate loss L𝑙𝑛𝑙 = {𝑙𝑖}𝑁𝑏

𝑖=1 in (12)
18 Select top 𝜂% loss L′ = arg max

L′∈L𝑙𝑛𝑙

∑
𝑙𝑖∈L′ 𝑙

𝑖

𝑠.𝑡. |L′ | = |L𝑙𝑛𝑙 | ∗ 𝜂%
19 Update 𝜃 according to the gradient

∇ 1
| L′ |

∑
𝑙𝑖∈L′ 𝑙

𝑖

20 end
21 end

Fig. 1. The overall architecture of the model.

During the warming-up stage, the encoder 𝑔(·), classifier 𝑓 (·),
and decoder 𝜙(·) are trained jointly. In contrast, during the
LNL training, only the parameters of the encoder 𝑔(·) and
classifier 𝑓 (·) are updated jointly, while the parameters of
the decoder 𝜙(·) remain unchanged. Notably, to assess the
robustness of the model against corrupted labels, the model is
trained on noisy training datasets and evaluated on an unseen
clean testing dataset.

The structures of the encoder 𝑔(·), the classifier 𝑓 (·) and the
decoder 𝜙(·) are presented in III-B. The procedures of the label
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Fig. 2. The structures of the TCE and the FC classifier.

confidence assessment and the label correction are illustrated
in III-C. The designed loss functions for the warming up and
the LNL training are introduced in III-D respectively.

B. A novel encoder design

To extract the low-dimensional representations which fully
reflect the underlying dynamic characteristics of the serialized
input samples, the TCE encoder employs an embedding mod-
ule with 1D CNNs to capture local dependencies, and utilizes
the self-attention mechanism to extract long-term temporal
dependencies. Moreover, the multi-head attention score matrix
is then concatenated with the extracted features as extra
explicit features, enabling the classifier to learn the variations
in long-term dependencies under different fault conditions.

The detailed structure of the TCE encoder and the data
flow are displayed as the blue block in Fig. 2. The raw
samples are serialized to incorporate several previous time
steps by using time window, which can be denoted as 𝒙𝑖:(𝑖+𝑇 ) .
𝑇 is the length of time window, 𝑑 denotes the number of
raw features. 𝐵 denotes the batch size. The serialized input
samples are embedded using 1D CNNs and concatenated with
the positional encoding [25]. Then, the obtained embeddings
𝐻0 are transmitted into a multi-head self-attention block. The
multi-head self-attention block projects the queries 𝑄, keys
𝐾 and values 𝑉 totally ℎ times with different, learned linear
projections to 𝑑𝑚𝑜𝑑𝑒𝑙/ℎ dimensions. The formulations are
displayed as follows:

𝑄 = 𝐾 = 𝑉 = 𝐻0

𝑄𝑖 = 𝑄𝑊
𝑄

𝑖
, 𝐾𝑖 = 𝐾𝑊

𝐾
𝑖 , 𝑉𝑖 = 𝑉𝑊

𝑉
𝑖 (1)

where 𝑄, 𝐾,𝑉 are all equal to the values of the input
embeddings 𝐻0. 𝑊𝑄

𝑖
∈ R

𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 , 𝑊𝐾
𝑖
∈ R

𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 ,

Fig. 3. The temporal correlation matrix (TCM).

𝑊𝑉
𝑖
∈ R𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑣 are the learned linear projection matrices,

𝑑𝑘 = 𝑑𝑣 = 𝑑𝑚𝑜𝑑𝑒𝑙/ℎ. After that, the scaled dot-product
function in (2) is performed on 𝑄𝑖 , 𝐾𝑖 , 𝑉𝑖 in parallel.

𝑇𝐶𝑖 = softmax(
𝑄𝑖𝐾

𝑇
𝑖√

𝑑𝑘
) (2)

head𝑖 = 𝑇𝐶𝑖 · 𝑉𝑖 . (3)

We denote the attention score matrix, representing the tempo-
ral correlations, as 𝑇𝐶𝑖 , and the 𝑑𝑣-dimensional output values
as head𝑖 (𝑖 = 1, · · · , ℎ). The head𝑖 (𝑖 = 1, · · · , ℎ) are then
concatenated together and once again projected, followed by
a residual connection and a layer normalization.

After that, the data is transmitted to the second block
which consists of two 1D convolutional layers, a residual
connection and a layer normalization. 𝑍 denotes the yielding
representations from the TCE encoder.

Before transmitted into the classifier, the obtained represen-
tations 𝑍 is concatenated with the temporal correlation matrix
(TCM). As shown in Fig. 3, the TCM is reshaped from the
multi-head attention scores 𝑇𝐶𝑖 = {𝑎𝑖𝑟 ,𝑠}(𝑖 = 1, · · · , ℎ; 𝑟 =

1, · · · , 𝑇 ; 𝑠 = 1, · · · , 𝑇), where 𝑎𝑖𝑟 ,𝑠 represents the correlation
intensity between timestamp 𝑟 and timestamp 𝑠 in the subspace
𝑖. The shape of the TCM is 𝑇 × ℎ𝑇 , and 𝑍 ′ ∈ R𝑇 (ℎ𝑇+𝑑𝑚𝑜𝑑𝑒𝑙 ) .
The first row of the TCM represents the correlation intensity
between timestamp 1 and all timestamps in the ℎ subspaces.

The concatenated features 𝑍 ′ is fed into the classifier, which
is composed of a stack of identical layers (including a linear
layer, a GeLU and a dropout) and a Softmax layer. The output
of the classifier is a vector in which each element indicates
the probability of the sample belonging to a specific category.
In the warming-up stage, the encoded representations are also
transmitted to the decoder, the decoder structure is same as
the classifier. The output of the decoder is the reconstructed
values of the serialized input samples.

C. A consistency-driven label correction framework

The local label consistency (LLC) metric is calculated to
evaluate the label confidence and correct labels, denoted as
a consistency-driven label correction framework. Firstly, 𝑘
nearest neighbors of each sample are selected based on the
pair-wise cosine similarities of the representations obtained
by the TCE encoder, which has a computational complexity
of 𝑂 (𝑁2):

sim(𝒛𝑖 , 𝒛 𝑗 ) = 𝒛𝑇𝑖 𝒛 𝑗/∥𝒛𝑖 ∥∥𝒛 𝑗 ∥
where 𝒛𝒊 = 𝑔(𝒙𝑖:(𝑖+𝑇 ) ) (4)
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Then, the LLC of the 𝑖-th sample can be calculated as the
fraction of the nearest 𝑘 neighbors that share the same class
label with sample 𝑖:

𝐿𝐿𝐶𝑖 =
∑︁

𝑗∈N𝑘 (𝑖)
1[ 𝒚̃𝑖 = 𝒚̃ 𝑗 ] (5)

where 1[·] is the indicator function. It equals 1 if the equation
in it is true. Otherwise, it equals 0. In the experiments, 𝑘
is determined according to the dataset size and class density
(𝑘=30). Under high noise rates, 𝑘 can be appropriately in-
creased to enhance the robustness of the LLC calculation.

In every epoch, we calculate the LLC scores of samples in
the method mentioned above. It can be inferred that the LLC
scores of clean samples are more likely to be larger than those
of noisy samples. Based on this, the two-component GMM
is used to fit the LLC scores in many researches. To adjust
the method to more general situations, this paper employs the
Dirichlet process to automatically determine the number of
components in the GMM, denoted as DP-GMM [3]. In the
experimental results in Section IV, the number of components
in the GMM is automatically set to 2, which is sufficient
to distinguish between clean and noisy samples even in the
situation with a high noise rate.

The probability belonging to the GMM component with a
bigger absolute mean is used as the label confidence 𝑤𝑖 for
the 𝑖-th sample. Then, we correct the noisy labels based on
the obtained label confidence 𝑤𝑖 and the predictions from the
model 𝒚̂𝑖:

𝒚∗𝑖 = 𝑤𝑖 𝒚̃𝑖 + (1 − 𝑤𝑖) 𝒚̂𝑖 (6)

where 𝒚∗
𝑖

is the one-hot vector of the corrected label, 𝒚̃𝑖 is the
original noisy label, and 𝒚̂𝑖 is the predictive probability vector
from the classifier.

In summary, to enhance the model’s robustness to label
noise, we follow the procedures outlined in Algorithm 1.
Specifically, the label confidence values for all samples are
firstly evaluated using (4)-(5). Then, in each training epoch,
the labels of each batch are corrected as a weighted sum of the
original noisy labels and the predicted labels as (6), where the
weights are the label confidence values. These corrected labels,
represented as probability vectors, are subsequently used to
compute the LNL training loss in (12) and update the model
parameters.

It should be noted that we do not explicitly relabel the sam-
ples with the corrected labels. Instead, the probability vectors
obtained by (6) are directly used for model training, which
improves the classifier’s performance in terms of accuracy,
precision, recall, and F1 score.

D. A two-stage self-supervised enhancement strategy

A two-stage self-supervised enhancement strategy is de-
veloped to guarantee the reliability of the corrected labels.
In the initial stage of training, the model tends to focus on
learning useful information that leads to a rapid reduction in
loss. Therefore, we warm up the model using noisy labels for
several epochs. The loss function for warming up is denoted
in (7)-(9), including the cross-entropy loss term in (7) and

the mean-squared-error (MSE) loss term in (8). The MSE
loss term is introduced to guide the reconstruction of the
input and assist feature extraction by using the self-supervised
information.

Lce = −
1
𝑁𝑏

𝑁𝑏∑︁
𝑖=1

𝐶∑︁
𝑐=1

𝑦̃𝑖,𝑐 log( 𝑦̂𝑖,𝑐) (7)

Lmse =
1
𝑁𝑏

𝑁𝑏∑︁
𝑖=1
∥𝒙𝑖:(𝑖+𝑇 ) − 𝒙̂𝑖:(𝑖+𝑇 ) ∥2 (8)

Lwarm = 𝛼Lce + 𝛽Lmse (9)

where 𝑁𝑏 denotes the batch size. 𝒚̃𝑖 is the one-hot vector
of the noisy label. 𝑦̃𝑖,𝑐 denotes the 𝑐-th element of 𝒚̃𝑖 , which
represents the probability of sample 𝑖 belonging to the class 𝑐;
𝑦̂𝑖,𝑐 is the element of the predictive probability vector from the
classifier 𝒚̂𝑖 . The 𝒙𝑖:(𝑖+𝑇 ) denotes the serialized input, 𝒙̂𝑖:(𝑖+𝑇 )
denotes the reconstructed values of the input from the decoder.
𝛼, 𝛽 are the parameters to balance the cross-entropy loss term
Lce and the MSE loss term Lmse.

After the warming-up stage, the cross-entropy loss is also
employed as the first term of the loss function for the LNL
training, which is denoted as 𝑙𝑖ce in (10).

𝑙𝑖ce = −
𝐶∑︁
𝑐=1

𝑦∗𝑖,𝑐 log( 𝑦̂𝑖,𝑐) (10)

where 𝐶 is the total number of the classes. 𝒚∗
𝑖

is the one-hot
vector of the corrected label. 𝑦∗

𝑖,𝑐
denotes the 𝑐-th element of

𝒚∗
𝑖
, which represents the probability of sample 𝑖 belonging to

the class 𝑐. As the original labels are corrupted by noise, the
corrected labels are used to calculate the cross-entropy loss.

As mentioned in (6), the labels are refurbished by the label
confidence and the predictive probability vectors. However,
after the warming up, the model may still not be able to
provide accurate category probability for classification of hard
samples, thus the refurbished labels of these samples are not
reliable. Inspired by the self-supervised learning techniques
[23], a newly-designed contrastive loss term, denoted as 𝑙𝑖cts
in (11), is added to the loss function for the LNL training,
in order to improve the quality of the corrected labels and
accelerate the LNL training process.

𝑙𝑖cts = −
1
𝜎

∑︁
𝑗∈S𝑖,𝜎

log
exp(sim(𝒛𝑖 , 𝒛 𝑗 )/𝜏)∑

𝑘∈{𝑘 |𝑘∉S𝑖,𝜎 ,𝑦∗𝑘≠𝑦
∗
𝑖
} exp(sim(𝒛𝑖 , 𝒛𝑘)/𝜏)

(11)

where 𝒛𝑖 denotes the representation obtained by the TCE
encoder. 𝜎 denotes the number of the selected similar in-
stances for each sample. sim(·, ·) denotes the cosine similarity
function. exp(·) denotes the exponential function. 𝜏 is the
temperature coefficient that adjusts the sensitivity of similarity
scores.

In (11), the pair-wise cosine similarities in the feature space
are calculated to find the top-𝜎 most similar instances for
each sample. The top-𝜎 similar instances, denoted as S𝑖,𝜎 ,
are regarded as positive pairs for sample 𝑖. The left samples
which simultaneously have the different corrected labels with
sample 𝑖, are regarded as negative pairs for sample 𝑖, denoted
as {𝑘 |𝑘 ∉ S𝑖,𝜎 , 𝑦

∗
𝑘
≠ 𝑦∗

𝑖
}. Compared with original contrastive
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loss, the proposed contrastive term pulls the similar instances
together and mitigates the effect of false negatives by fully
utilizing the information of the feature representations [18].

The loss function for the LNL training process is shown in
(12), including the cross-entropy loss term 𝑙𝑖ce in (10) and the
contrastive loss term 𝑙𝑖cts in (11).

𝑙𝑖 = 𝜆1𝑙
𝑖
ce + 𝜆2𝑙

𝑖
cts (12)

where 𝜆1, 𝜆2 are the parameters to balance these two items,
generally set as 𝜆1 = 1, 𝜆2 = 1. In order to train a robust model,
we only select the largest 𝜂% items from L𝑙𝑛𝑙 = {𝑙𝑖}𝑁𝑏

𝑖=1 for
each batch [1], to update the parameters of the encoder and
the classifier. The reason to add the selection operation is that
the samples with small loss values are more likely to be clean,
thus their corrected labels are not meaningful for the training.

IV. CASE STUDIES

A. Tennessee Eastman process dataset

1) Process descriptions and noise settings: The Tennessee
Eastman simulation platform [29] is developed based on a
practical chemical reaction process. The whole TEP dataset
is composed of 22 simulations, including one in normal state
and the other 21 in different fault conditions. In this section,
the TEP dataset has been applied to test the performance of
our method. A sliding window is used to serialize the samples,
incorporating previous timestamps. The window length is set
to 50, and the step size is set as 1. We split the serialized
dataset into a training set and a testing set with a ratio of 8:2.
Since collecting large-scale datasets with precisely quantified
real noise is practically infeasible, we injected controlled
synthetic label noise into the training set [31]. After training,
we utilized the clean-labeled testing set to evaluate the model.
Our experiments are conducted on a server equipped with an
NVIDIA RTX A6000 GPU (48 GB memory) and an Intel(R)
Xeon(R) Silver 4214R CPU. All approaches are implemented
using PyTorch 2.5.1, Python 3.9.21, and CUDA 12.3.

(a) Symmetric. (b) Pairflip.

Fig. 4. The examples for the two types of label noise.

Two types of noise are adopted for the experiments: sym-
metric noise and pairflip noise [33], [34]. The symmetric noise
refers to a type of label noise where each true label is randomly
flipped to any other classes with equal probability, which
mimics manual annotation mistakes or sensor malfunctions.
The noise level is typically controlled by a noise rate, which
determines the probability of a label being flipped and enables

reproducible and interpretable evaluation of the model. For ex-
ample, as shown in Fig. 4(a), assuming there are five classes in
total and the noise rate is 40%, only 60% of the labels remain
correct, while the other 40% are uniformly mislabeled to the
other four classes, each with a probability of 10%. The pairflip
noise is a structured form of noise where a sample’s label is
only flipped to a specific class instead of any random class.
This type of noise mimics class-dependent systematic errors
induced by process drifts, abnormal operating conditions, or
ambiguous boundary definitions between classes. For example,
as shown in Fig. 4(b), when the noise rate is 40%, 40% of
the labels are flipped to the next class of their true class. In
the following experiments, the noise rate for the symmetric
noise is set to 20%, 50%, 60%, and 70%; the noise rate for
the pairflip noise is set to 20% and 40%.

2) Experimental results: On various setting of noise, we
assessed the fault classification performance of the model by
calculating the following evaluation metrics: accuracy (Acc),
precision (Pre), recall (Rec) and F1 score (F1). In order to
prove the superiority of the proposed LNRTSC method, the
empirical risk minimization (ERM) method and the other six
LNL methods are chosen to conduct comparative experiments.
The hyperparameter settings are presented as follows:
(1) Co-teaching (CNN) [14]: The number of the out channels

for the CNN layers are respectively set to [256, 512, 128,
64]. The kernel size, stride, and padding are set to 3, 1,
and 2, respectively. The batch size is 128. The learning
rate is initialized at 0.0005. The networks are trained for
10 epochs.

(2) Co-teaching (Transformer) : The d model of the trans-
former is set to 512, and the number of attention heads
is set to 8. The numbers of hidden neurons in the MLP
are set to [512, 256, 128], respectively. The batch size
is 32, and the learning rate is initialized at 0.0005. The
networks are trained for 10 epochs.

(3) JoCoR (CNN) [36]: The regularization coefficient is set
to 0.1. The other hyperparameters are kept the same as
Co-teaching (CNN).

(4) JoCoR (Transformer) : The regularization coefficient is
set to 0.1. The other hyperparameters remain the same as
those in Co-teaching (Transformer).

(3) DivideMix (CNN) [22]: The hyperparameters are kept the
same as Co-teaching (CNN).

(4) DivideMix (Transformer): The hyperparameters remain
the same as those in Co-teaching (Transformer).

(5) ERM (CNN): This approach follows the standard em-
pirical risk minimization framework without any specific
operations for handling noisy labels. The hyperparameter
setting is kept the same as Co-teaching (CNN).

(6) LNRTSC: The batch size is set to 64, and the learning
rate is set to 0.0005. The model is firstly be warmed
for 2 epochs, and then trained with corrected labels for
8 epochs. The 𝑑 𝑚𝑜𝑑𝑒𝑙 of the TCE encoder is set to
512, and the number of attention heads is set to 8. The
numbers of hidden neurons in the FC classifier are set to
[512, 256, 128]. The number of neighbors 𝑘 is set to 30.
The hyperparameters 𝜂, 𝛼, 𝛽, 𝜏, 𝜎, 𝜆1, and 𝜆2 are set as
80, 1., 0.1, 0.5, 3, 1., and 0.8, respectively, which can be
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TABLE I
THE LNRTSC OUTPERFORMS THE BASELINES ACROSS ALL NOISE SETTINGS ON TEP DATASET

Noise
type

Noise
rate

Co-teaching (CNN) Co-teaching (Transformer) JoCoR (CNN) JoCoR (Transformer)
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric

20% 0.994 0.994 0.994 0.994 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.991 0.992 0.992 0.992 0.992
50% 0.981 0.982 0.982 0.981 0.972 0.976 0.973 0.973 0.915 0.928 0.918 0.915 0.989 0.989 0.989 0.989
60% 0.920 0.886 0.925 0.903 0.958 0.964 0.959 0.960 0.781 0.824 0.783 0.785 0.936 0.949 0.937 0.937
70% 0.732 0.663 0.740 0.685 0.875 0.861 0.875 0.863 0.729 0.757 0.737 0.717 0.714 0.719 0.716 0.705

Pairflip 20% 0.989 0.990 0.990 0.990 0.994 0.994 0.993 0.994 0.988 0.988 0.988 0.988 0.988 0.988 0.988 0.988
40% 0.949 0.954 0.949 0.948 0.942 0.947 0.943 0.943 0.864 0.864 0.862 0.841 0.959 0.966 0.962 0.961

Average 0.928 0.912 0.930 0.917 0.955 0.956 0.956 0.954 0.878 0.892 0.880 0.873 0.930 0.934 0.931 0.929

Noise
type

Noise
rate

DivideMix (CNN) DivideMix (Transformer) ERM (CNN) LNRTSC
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric

20% 0.994 0.994 0.994 0.994 0.995 0.995 0.996 0.995 0.999 0.999 0.999 0.999 1. 1. 1. 1.
50% 0.975 0.977 0.973 0.972 0.983 0.981 0.983 0.983 0.974 0.979 0.975 0.976 0.999 0.999 0.999 0.999
60% 0.965 0.963 0.962 0.963 0.975 0.977 0.972 0.975 0.881 0.891 0.883 0.882 0.995 0.995 0.996 0.995
70% 0.846 0.853 0.827 0.841 0.870 0.866 0.869 0.868 0.752 0.749 0.759 0.743 0.974 0.978 0.974 0.975

Pairflip 20% 0.991 0.991 0.991 0.991 0.993 0.994 0.992 0.992 0.960 0.961 0.960 0.960 0.999 0.999 0.999 0.999
40% 0.955 0.943 0.959 0.944 0.958 0.958 0.957 0.957 0.715 0.741 0.714 0.707 0.976 0.978 0.976 0.976

Average 0.957 0.954 0.951 0.951 0.956 0.955 0.955 0.955 0.880 0.887 0.882 0.878 0.991 0.992 0.991 0.991

adjusted based on the noise characteristics of the data.
Table I reports the Acc, Pre, Rec, and F1 scores of the se-

lected methods on the TEP dataset, averaged over five repeated
experiments. The highest F1 scores under each noise setting
are bolded, and the second-highest are underlined. Standard
ERM performs well only under low noise rate (e.g., 20%) and
degrades rapidly at higher noise levels, with F1 scores of 0.743
under 70% symmetric noise and 0.707 under 40% pairflip
noise. Co-teaching and JoCoR improve over ERM, especially
when combined with a transformer encoder, yet both struggle
under extreme noise (e.g., 70% symmetric noise). In contrast,
our proposed LNRTSC consistently achieves the highest F1
scores across all noise settings, reaching 0.975 and 0.976 under
70% symmetric noise and 40% pairflip noise respectively, sur-
passing the second-best models by 0.107 and 0.015. Averaged
over all noise conditions, LNRTSC outperforms DivideMix
(Transformer) by 0.036. These results demonstrate that our
method effectively handles diverse label noise and maintains
strong classification performance even under severe noise.

3) Ablation study: To evaluate the effectiveness of the three
components of LNRTSC, including the TCE encoder, the label
correction (LC) and the self-supervised loss functions, we
performed comprehensive ablation study on the TEP dataset.

As illustrated in Table II, the sole replacement of 1D CNNs
with the TCE encoder does not significantly enhance the
classification performance of ERM. However, by comparing
the classification results of CNN + LC and TCE + LC, it can
be seen that the F1 score of the TCE + LC is markedly superior
under 40% pairflip noise conditions, while the performance of
the two methods remains comparable in other noise settings.
This finding suggests that the TCE exhibits a strong capability
in capturing underlying temporal correlations and effectively
mitigating the structured bias induced by pairflip noise. By
comparing the performance of ERM (CNN) with CNN + LC
and ERM (TCE) with TCE + LC, it is evident that the label
correction based on label confidence considerably enhances
classification performance under label noise. By comparing
the performance of Transformer encoder (TransEnc) + LC and
TCE + LC, it can be observed that the TCE obtains higher
Acc and F1 scores than TransEnc + LC in most conditions,
indicating that TCE better captures temporal dependencies in

noisy time-series data and performs effectively under high
noise rate. Specifically, the F1 scores show an increase of
about 0.2∼0.3 under 70% symmetric noise and 40% pairflip
noise. Comparing to TCE + LC, the average F1 score of
the LNRTSC increases by 0.003, and the improvement is
particularly evident when the noise rate is high. ALL in all,
the results of the ablation experiments proves the effectiveness
of the three key parts of the proposed LNRTSC, including the
TCE encoder, label correction and the newly-designed loss
functions.

B. SEU-Gearbox dataset

1) Process descriptions and noise settings: The SEU-
gearbox dataset is collected from Drivetrain Dynamic Sim-
ulator. The working condition with rotating speed-load con-
figuration is set to be 20-0. There are eight types of signals
recorded in the dataset, including motor vibration, vibration
of planetary gearbox in x, y and z directions, motor torque,
vibration of parallel gear box in x, y and z directions. There are
totally five labels for the samples, which are Health, Chipped,
Miss, Root and Surface. We split the dataset into a training
set and a testing set with a ratio of 8:2. The noise settings are
the same as the TEP dataset.

2) Experimental results: Table III summarizes the fault
classification performance (Acc, Pre, Rec, F1) of LNRTSC,
Co-teaching, JoCoR, DivideMix, and ERM with Transformer
and CNN backbones on the SEU-gearbox dataset under sym-
metric and pairflip noise. While all methods perform well
at low noise levels (20% and 50% symmetric noise, 20%
and 40% pairflip noise), LNRTSC consistently achieves per-
fect scores (almost 1.000) across all metrics. This is partly
because the dataset is relatively small, with only five cate-
gories (including fault and normal conditions), making the
classification task relatively simple, and the negative effects
of 20% and 50% label noise can be largely resisted by the
models themselves. As the noise rate increases, LNRTSC
demonstrates remarkable robustness. Under 70% symmetric
noise, it maintains an F1 score of 0.998, whereas DivideMix
(Transformer), typically the second-best, drops below 0.820,
Co-teaching (Transformer) decreases to 0.737, and JoCoR
(Transformer) to 0.804. Averaged across all noise conditions,
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TABLE II
THE ABLATION STUDY FOR DIFFERENT COMPONENTS OF THE LNRTSC ON TEP DATASET

Noise
type

Noise
rate

ERM (CNN) ERM (TCE) CNN + LC TransEnc + LC TCE + LC LNRTSC
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric

20% 0.999 0.999 0.999 0.999 0.991 0.991 0.991 0.991 0.999 0.999 0.999 0.999 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
50% 0.974 0.979 0.975 0.976 0.963 0.965 0.965 0.964 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999
60% 0.881 0.891 0.883 0.882 0.876 0.884 0.881 0.880 0.997 0.997 0.997 0.997 0.990 0.989 0.990 0.990 0.989 0.989 0.989 0.989 0.995 0.995 0.996 0.995
70% 0.752 0.749 0.759 0.743 0.723 0.742 0.732 0.726 0.975 0.977 0.975 0.975 0.961 0.959 0.964 0.960 0.966 0.967 0.967 0.966 0.974 0.978 0.974 0.975

Pairflip 20% 0.960 0.961 0.960 0.960 0.947 0.952 0.950 0.949 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999
40% 0.715 0.741 0.714 0.707 0.762 0.787 0.760 0.755 0.923 0.927 0.922 0.921 0.967 0.967 0.971 0.968 0.974 0.976 0.974 0.973 0.976 0.978 0.976 0.976

Average 0.880 0.887 0.882 0.878 0.877 0.887 0.880 0.878 0.982 0.983 0.982 0.982 0.986 0.985 0.987 0.986 0.988 0.988 0.988 0.988 0.991 0.992 0.991 0.991

TABLE III
THE LNRTSC OUTPERFORMS THE BASELINES ACROSS ALL NOISE SETTINGS ON SEU-GEARBOX DATASET

Noise
type

Noise
rate

Co-teaching (CNN) Co-teaching (Transformer) JoCoR (CNN) JoCoR (Transformer)
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric

20% 0.996 0.997 0.996 0.996 0.998 0.998 0.998 0.998 0.997 0.997 0.997 0.997 0.997 0.997 0.997 0.997
50% 0.994 0.994 0.994 0.994 0.997 0.996 0.996 0.996 0.995 0.995 0.995 0.995 0.997 0.997 0.997 0.997
60% 0.973 0.984 0.963 0.971 0.975 0.982 0.965 0.974 0.971 0.971 0.968 0.968 0.984 0.984 0.984 0.984
70% 0.712 0.703 0.716 0.705 0.745 0.736 0.742 0.737 0.745 0.743 0.747 0.742 0.799 0.813 0.798 0.804

Pairflip 20% 0.999 0.999 0.999 0.999 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
40% 0.996 0.995 0.996 0.995 0.998 0.998 0.998 0.998 0.997 0.996 0.997 0.996 0.997 0.997 0.996 0.996

Average 0.945 0.946 0.944 0.944 0.952 0.952 0.950 0.951 0.951 0.950 0.951 0.950 0.962 0.965 0.962 0.963

Noise
type

Noise
rate

DivideMix (CNN) DivideMix (Transformer) ERM (CNN) LNRTSC
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric

20% 0.998 0.997 0.998 0.998 0.999 0.998 0.999 0.999 0.996 0.996 0.995 0.995 1. 1. 1. 1.
50% 0.996 0.996 0.996 0.996 0.998 0.997 0.998 0.997 0.992 0.992 0.992 0.992 0.999 0.999 0.999 0.999
60% 0.970 0.970 0.969 0.970 0.983 0.982 0.986 0.982 0.965 0.971 0.964 0.965 0.998 0.998 0.998 0.998
70% 0.729 0.722 0.725 0.723 0.821 0.827 0.813 0.820 0.650 0.540 0.646 0.562 0.998 0.998 0.998 0.998

Pairflip 20% 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
40% 0.996 0.996 0.996 0.996 0.997 0.997 0.997 0.997 0.993 0.993 0.993 0.993 1. 1. 1. 1.

Average 0.948 0.947 0.947 0.947 0.966 0.967 0.965 0.966 0.934 0.916 0.933 0.919 0.999 0.999 0.999 0.999

LNRTSC achieves an average F1 score of 0.999, exceeding the
second-best baseline, DivideMix (Transformer), by more than
three percentage points. These results highlight LNRTSC’s
robustness across various noise settings.

3) Visualization analysis: In order to better illustrate the
principles of the proposed LNRTSC model, we display the
evolution of label confidence and feature extraction through
multiple visualizations. Furthermore, we denote the class cor-
responding to the largest element of the probability vector in
(6) as the corrected label, and we evaluate the accuracy of
label correction in each epoch.

Fig. 5. The LLC scores distribution with DP GMM fit (Symmetric with 20%
noise).

The distributions of LLC scores are displayed in Fig. 5
and Fig. 6, which correspond respectively to the samples with

Fig. 6. The LLC scores distribution with DP GMM fit (Symmetric with 70%
noise).

symmetric label noise at noise rates of 20% and 70%. In these
figures, the x-axis represents the negative of the estimated LLC
scores calculated using (5), the y-axis represents the sample
density for different LLC scores. To observe the shape of the
distribution in detail, we divide it into 100 gray histogram bins
and compute the sample density for each bin. The distribution
of the LLC scores is fitted by the DP GMM, shown as a
red solid line. Through the Dirichlet process, two Gaussian
components are ultimately extracted, represented by the blue
dashed line and the orange dashed line respectively. The two
Gaussian components are well separated, indicating that the
two-component GMM is sufficient to fit the distribution of
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TABLE IV
LABEL CORRECTION PERFORMANCE OF THE LNRTSC METHOD ACROSS EPOCHS UNDER 70% SYMMETRIC NOISE

Metric Epoch 1 Epoch 2 Epoch 3 Epoch 4 Epoch 5 Epoch 6 Epoch 7 Epoch 8 Epoch 9 Epoch 10

V-measure score 0.847 0.682 0.683 0.683 0.684 0.823 0.953 0.962 0.971 0.975
correction accuracy 0.599 0.597 0.597 0.600 0.597 0.812 0.860 0.967 0.984 0.986

classification accuracy 0.613 0.613 0.605 0.613 0.820 0.859 0.973 0.988 0.989 0.994
F1 Score 0.502 0.502 0.499 0.502 0.760 0.824 0.972 0.988 0.989 0.994

Fig. 7. The label correction performance across epochs under 70% symmetric
noise.

the LLC scores even in cases with a high noise rate.
As depicted in these figures, the LLC scores of the samples

can be regarded as coming from two different Gaussian
distributions. It can be assumed that the LLC scores of clean
samples are generally larger than those of noisy samples.
Therefore, the component which has the smaller mean (with
larger absolute value) corresponds to the clean sample, while
the component which has the bigger mean (with smaller
absolute value) corresponds to the noisy sample. The ratio of
the areas under the curves of the two components (the ratio of
the areas of the two sets of histograms) corresponds to the ratio
of the number of clean samples to noisy samples, which can be
denoted as (1-𝛾): 𝛾, where 𝛾 represents the noise rate. Based
on the above analysis, it is reasonable to use the probability
of belonging to the GMM component with the larger absolute
mean as the label confidence 𝑤 for the samples.

In each LNL training epoch, the labels of each batch are
corrected as a weighted sum of the original noisy labels
and the predicted labels as (6), where the weights are the
calculated label confidence values. It should be noted that
we do not explicitly relabel the samples with the corrected
labels. Instead, we use the probability vectors calculated by
(6) directly for model training, which improves the classifier’s
performance. In order to visualize how the label correction
benefits the classification performance, we assign the largest
element of the probability vector in (6) as the corrected label
(by ‘argmax’ operation) and calculate the accuracy of the
corrected labels before each training epoch. The accuracy of
the correction labels (70% symmetric noise) across epochs are
displayed in Table IV, as well as the classification accuracy
and F1 scores. It also can be figured out that the classification
accuracy and F1 scores are improved with the increasing label
correction rate, as shown in Fig. 7. It should be noted that the

Fig. 8. The t-SNE visualization of the features processed by the TCE encoder
under 70% symmetric Noise (without LNL training).

‘argmax’ operation is not a continuous function, thus the label
correction rate would be a little delayed, compared with the
classification accuracy and the F1 scores.

Meanwhile, we cluster the features (70% symmetric noise)
extracted by the TCE encoder using the K-means method, and
reduce their dimensions into two dimensions via the t-SNE
method. Fig. 8 and Fig. 9 respectively show the clustering
results of the features which are extracted by the TCE encoder
without LNL training and with LNL training. By comparing
the two figures, it is evident that after LNL training, the
extracted features of samples from different classes become
more clearly separable. In addition, the V-measure score for
each epoch is recorded in Table IV and Fig. 7. It can also
be observed that the clustering accuracy of K-means increases
progressively with the improvement of label correction accu-
racy and classification accuracy.

4) Sensitivity analysis: The detailed explanations of hy-
perparameters, the hyperparameter adjustment strategy, and
the results of the sensitivity experiments are presented. The
experimental results demonstrate that the model performance
remains stable within a certain range of hyperparameter val-
ues. According to the approach principles and the sensitivity
analysis experimental results in Tables V∼VII, we recommend
default values or ranges for the following hyperparameters:
𝜂 = 80, 𝛽 ∈ [0.1, 1.], 𝜆2 ∈ [0.1, 1.], and 𝜎 = 20.
𝜂 represents the proportion of samples in each batch whose

loss values are used to update the model parameters. We sort
the samples in descending order of their loss values and select
the top 𝜂% for back propagation. When the noise rate is
high, most samples tend to have inaccurate initial classification
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TABLE V
SENSITIVITY ANALYSIS OF HYPERPARAMETER (𝛼, 𝛽) ON THE LNRTSC PERFORMANCE

Noise
type

Noise
rate

(𝛼, 𝛽) : (1, 0) (𝛼, 𝛽) : (1, 0.1) (𝛼, 𝛽) : (1, 0.5) (𝛼, 𝛽) : (1, 1) (𝛼, 𝛽) : (1, 1.5)
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric 20% 0.986 0.986 0.985 0.985 1. 1. 1. 1. 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.999 0.989 0.989 0.988 0.989
70% 0.978 0.982 0.977 0.976 0.998 0.998 0.998 0.998 0.966 0.970 0.968 0.968 0.975 0.976 0.974 0.974 0.968 0.970 0.967 0.966

Pairflip 40% 0.995 0.995 0.995 0.995 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 0.996 0.996 0.996 0.996

Average 0.986 0.988 0.986 0.985 0.999 0.999 0.999 0.999 0.988 0.990 0.989 0.989 0.991 0.992 0.991 0.991 0.984 0.985 0.984 0.984

TABLE VI
SENSITIVITY ANALYSIS OF HYPERPARAMETER (𝜆1 , 𝜆2) ON THE LNRTSC PERFORMANCE

Noise
type

Noise
rate

(𝜆1 , 𝜆2 ) : (1, 0) (𝜆1 , 𝜆2) : (1, 0.1) (𝜆1 , 𝜆2 ) : (1, 0.5) (𝜆1 , 𝜆2 ) : (1, 1) (𝜆1 , 𝜆2 ) : (1, 1.5)
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric 20% 0.997 0.998 0.997 0.997 1. 1. 1. 1. 0.999 0.998 0.999 0.999 1. 1. 1. 1. 0.999 0.999 0.999 0.999
70% 0.993 0.993 0.993 0.993 0.998 0.998 0.997 0.998 0.997 0.996 0.996 0.996 0.998 0.998 0.998 0.998 0.989 0.990 0.987 0.989

Pairflip 40% 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 0.999 0.999 0.998 0.999

Average 0.997 0.997 0.997 0.997 0.999 0.999 0.999 0.999 0.999 0.998 0.998 0.998 0.999 0.999 0.999 0.999 0.996 0.996 0.995 0.996

TABLE VII
SENSITIVITY ANALYSIS OF HYPERPARAMETER 𝜎 ON THE LNRTSC PERFORMANCE

Noise
type

Noise
rate

𝜎 : 5 𝜎 : 15 𝜎 : 20 𝜎 : 25 𝜎 : 50
Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1 Acc Pre Rec F1

Symmetric 20% 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1.
70% 0.984 0.985 0.983 0.984 0.986 0.986 0.986 0.986 0.998 0.998 0.998 0.998 0.995 0.995 0.995 0.995 0.986 0.987 0.986 0.986

Pairflip 40% 0.998 0.999 0.997 0.997 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 1. 0.994 0.994 0.993 0.994

Average 0.994 0.995 0.993 0.994 0.995 0.995 0.995 0.995 0.999 0.999 0.999 0.999 0.998 0.998 0.998 0.998 0.993 0.994 0.993 0.993

Fig. 9. The t-SNE visualization of the features processed by the TCE encoder
under 70% symmetric Noise (with LNL training).

results and relatively large loss values. In this case, a larger 𝜂
(e.g., 80, 90, or 100) is recommended.
𝜏 represents the temperature coefficient in the contrastive

loss term (11), which controls the sharpness of the Softmax
function. A small 𝜏 will cause the model to focus excessively
on the most similar samples, whereas a large 𝜏 will lead to an
overly flat probability distribution.
𝛼 and 𝛽 are used to balance the weights of the two loss

terms in the warming-up stage, shown in (7)-(9). Their values
can be adjusted according to the noise rate. In general, we set
𝛼 = 1. When the noise rate is high, 𝛽 can be appropriately
increased to emphasizing the reconstruction loss term, thereby
leveraging more unsupervised feature information to guide

model learning.
𝜆1 and 𝜆2 control the relative weights of the two loss terms

in the LNL training phase, shown in (10)-(12). We generally
set 𝜆1 to 1. When the noise rate is high, certain sample labels
are difficult to be right corrected at the early stage of training.
In such cases, 𝜆2 can be appropriately increased to leverage
the contrastive loss term for self-supervised learning.
𝜎 denotes the number of positive pairs in the contrastive

loss function in (11). If 𝜎 is too small, the number of
positive pairs is insufficient, which weakens the aggregation
of positive samples in the feature space. If 𝜎 is too large,
it may introduce positive pairs from other classes (false
positives), reducing the effectiveness of contrastive learning.
Therefore, it is generally recommended to set 𝜎 to be approx-
imately (batch size/num class). We found through numerous
experiments that this setting ensures a moderate number of
positive pairs, maintaining stable training while preventing the
introduction of false positives.

V. CONCLUSIONS AND FUTURE WORK

The paper has proposed a noise-resistant method for time-
series classification called LNRTSC, which is used to ef-
fectively classify time-series data into its correct category
while reducing the influence of noisy labels. In the LNRTSC,
a novel attention-based temporal correlation-enhanced (TCE)
encoder has been introduced to produce low-dimensional rep-
resentations for long time series. For LNL training, the noisy
labels have been corrected according to the label confidence
which is calculated based on the local label consistency of
the nearest neighbors in the representative space. A two-stage
self-supervised enhancement strategy has been specifically
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designed to assist the warming-up stage and the LNL training
stage respectively, in order to enhance the quality of the cor-
rected labels. The LNRTSC method has been validated on the
TEP dataset and the SEU-gearbox dataset. The experimental
results have indicated that the LNRTSC can achieve significant
improvements in fault classification performance on corrupted
data, compared with other LNL methods.

Although the LNRTSC has demonstrated satisfactory per-
formance in time-series classification under label noise, there
are still some issues that can be further improved in the future.
Firstly, we are considering to incorporate the structure-aware
confidence estimation into the label correction framework.
Besides, we plan to extend the proposed framework to broader
labeling scenarios. Since our method is based on confidence
estimation and soft label refinement, it can be naturally
adapted to semi-supervised, soft-labeled, and heterogeneous
label settings by assigning pseudo labels or extending label
dimension, to adapt to more complex industrial situations.
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