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a b s t r a c t

Fault diagnosis is important for maintaining the safety and effectiveness of chemical process. Considering
the multivariate, nonlinear, and dynamic characteristic of chemical process, many time-series-based
data-driven fault diagnosis methods have been developed in recent years. However, the existing
methods have the problem of long-term dependency and are difficult to train due to the sequential way
of training. To overcome these problems, a novel fault diagnosis method based on time-series and the
hierarchical multihead self-attention (HMSAN) is proposed for chemical process. First, a sliding window
strategy is adopted to construct the normalized time-series dataset. Second, the HMSAN is developed to
extract the time-relevant features from the time-series process data. It improves the basic self-attention
model in both width and depth. With the multihead structure, the HMSAN can pay attention to different
aspects of the complicated chemical process and obtain the global dynamic features. However, the
multiple heads in parallel lead to redundant information, which cannot improve the diagnosis perfor-
mance. With the hierarchical structure, the redundant information is reduced and the deep local time-
related features are further extracted. Besides, a novel many-to-one training strategy is introduced for
HMSAN to simplify the training procedure and capture the long-term dependency. Finally, the effec-
tiveness of the proposed method is demonstrated by two chemical cases. The experimental results show
that the proposed method achieves a great performance on time-series industrial data and outperforms
the state-of-the-art approaches.
© 2024 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights reserved.

1. Introduction

With the rapid development of science and technology, the scale
of modern industry continues to expand and the process becomes
more complex. Industrial accidents would cause serious harm to
humans and the environment. To effectively prevent industrial
accidents and reduce economic losses, real-time process moni-
toring and fault diagnosis are important to maintain the safe
operation of chemical process [1,2].

In general, the existing fault diagnosis methods can be divided
into two categories: the model-based methods and the data-driven
methods [3,4]. Due to the high complexity of modern industrial
systems and the huge amount of the available process data, the
data-driven methods are widely studied for fault diagnosis in

recent years, such as principal component analysis (PCA) [5] and
partial least squares (PLS) [6]. However, these methods, which are
based on the linear transformation, ignore the nonlinear relations
among the multivariate process data. Considering the high
nonlinearity of modern industrial processes, many nonlinear data-
driven methods have been proposed like the kernel PCA (KPCA) [7]
and the support vector machine (SVM) [8]. With the kernel func-
tions, the nonlinear process data are mapped to a high-dimensional
linear space, where the linear fault diagnosis methods are used to
distinguish the different patterns. However, the kernel functions
need to be determined manually in advance.

With the progress in computer science, the deep learning (DL)
[9,10] methods have shown great potential in data-driven fault
diagnosis, especially when dealing with high-dimensional
nonlinear process data. Owing to the nonlinear activation func-
tions, DL methods can learn the nonlinear characteristics of
chemical process and extract useful features for the subsequent
tasks, such as fault classification. Thus, in recent years, DL-based
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methods, such as the deep belief network (DBN) [11,12], the feed-
forward neural network (FNN) [13], and the stacked autoencoder
(SAE) [14,15], have been widely used in nonlinear fault diagnosis.
However, these methods do not take the time correlation among
process data into account, and assuming that the observations are
independent in time, so they are not suitable for time-series, which
limits the application in practice.

Considering that the data obtained from real chemical process is
highly time related, some DL-based fault diagnosis methods,
especially designed for time-series, have been developed, such as
the recurrent neural network (RNN) [16e18] and its variant long-
short-term memory (LSTM) [19,20] and gated recurrent unit
(GRU) [21]. Zhang et al. [22] combined GRU and the deep con-
volutional neural network to extract the temporal features and it
was applied for real-time fault diagnosis [23]. proposed an iterative
optimization method to determine the optimal parameters of
LSTM. To improve the ability of time-series feature extraction, the
attention mechanism is widely used with the time-series based
models [24,25]. Zhuang et al. [26] integrated RNN with the residual
attention mechanism for fault diagnosis under limited labeled data.
Bi and Zhao [27] combined the variational autoencoder with the
orthogonal attention to obtain the temporal features for fault
detection and identification. These time-series based DL methods
take the time-series data as inputs, and each unit is trained one
after another to preserve the time correlation in the sequential
data. Besides, a data preprocessing method called dynamic data
augmentation (DDA) [28] was also used to help the DL model to
achieve dynamic information. However, these time-series-based
methods have their own shortcomings. The thoughts of DDA
come from the dynamic PCA (DPCA) [29]. It extends the variable
dimension of the original data to higher dimensions, so that the
newly constructed input contains information from several previ-
ousmoments. Although this method is relatively simple and easy to
implement, it breaks the original data structure, mixing the vari-
able dimension and time dimension together, and will cause an
explosion of input dimensions. The RNN structure is specially
designed for time series to extract the time-related features in the
sequential data. Affected by the training issues, RNN suffers from
gradient disappearance when processing long sequences, which
leads to long-term dependency. As variants of RNN, LSTM and GRU
can solve the problem of long-term dependency to a certain extent,
but limited by sequential training methods, they are more difficult
and time-consuming to train.

In this paper, to solve the above problems, hierarchical multi-
head self-attention (HMSAN) is proposed for time-series-based
fault diagnosis. First, a data preprocessing strategy is introduced.
In addition to the data normalization, a sliding window method is
adopted to construct the time-series dataset from the raw process
data. Inspired by the self-attention mechanism (SAN), the time-
series input is fed in the HMSAN based fault diagnosis model at
once, which is different from the traditional RNN-based methods.
It's worth noting that, although the SAN provides a new perspective
to deal with sequential data [30], the existing time-series-based
methods only use it as a weighting approach, and the time-related
feature extraction mainly depends on the RNNs.

Since the basic SAN only focuses on one single aspect of the
process data, it is not appropriate for the complicated chemical
process. To enrich the time-related features extracted by themodel,
the basic SAN is further improved in width and depth. First, mul-
tiple subblocks are constructed through the multihead structure to
force the HMSAN learn from specific perspectives. Then, with the
hierarchical structure, multiple sets of weights are adaptively
generated in each subblock to extract the local time-related fea-
tures in detail. After that, a many-to-one training strategy is
adopted to only output the representation of the lastmoment in the

sliding window, which contains the information of the whole
sequence. Finally, a simple feed-forward network and a softmax
layer are used to further extract fault-relevant features and
distinguish different fault types. The proposed method can capture
the dependencies through the whole sequence. It can cover a
longer time horizon because the distance between each observa-
tion is set to be 1, which is different from RNN-based models.
Furthermore, due to the parallel computation and lower compu-
tational complexity, training the proposed model is much faster
and easier than RNN-based methods. To verify the effectiveness of
the proposed method, it is applied to the Tennessee Eastman (TE)
process and the continuous stirred tank reactor (CSTR) model.

The contributions of this work are as follows:

(1) A novel time series-based fault diagnosis method called
HMSAN is proposed for the complicated dynamic chemical
process.

(2) The HMSAN model is proposed by improving the basic self-
attention model in both width and depth to achieve
discriminative global and local temporal features and avoid
the redundant latent embeddings.

(3) A novel many-to-one training strategy is proposed, which
can simplify the training process compared with the tradi-
tional methods and effectively improve the ability to capture
the long-term dependencies in the time-series.

The rest parts of this paper are organized as follows. In Section 2,
the proposed fault diagnosis method is described in detail. In Sec-
tion 3, case study including the TE process and CSTR is provided.
Finally, Section 4 concludes the paper.

2. The Proposed Method

In this section, the proposed method based on time-series and
HMSAN for fault diagnosis is described. We first use a sliding
window data preprocessing method to construct a time-series
dataset. Then, the newly constructed sequences are fed into the
HMSAN as inputs to capture the long-term dependency and tem-
poral correlation through each sequence from different perspec-
tives. More specifically, a many-to-one training strategy is adopted
to simplify the traditional sequential training method. Finally, a
feed-forward network and a softmax function are used to capture
the fault-related features and construct a complete fault diagnosis
model. The detail is introduced in the following parts.

2.1. Data preprocessing

The process data are sequentially collected from the chemical
process. The conventional fault diagnosis models take the single
data sample as input, which do not take full use of the temporal
information and long-term dependency contained in the sequential
process data. Therefore, the sliding window strategy, which is
widely used in data preprocessing, is adopted to construct time-
series input using the observations over a continuous period. It is
noted that the constructed window of sequential observations is
fed into the HMSAN at once to extract the temporal features, which
is different from the traditional RNN-based methods.

The task of fault diagnosis is to distinguish different fault types
and the normal condition. The raw process data are first normalized
by the mean and variance of the normal process data. The normal-
ized training dataset consists of process data under both normal and
faulty operation conditions, which are denoted by

Xn ¼ ½x1n; x2n;/; xNn �
T
2RN�d and Xf i ¼ ½x1f i ; x2f i ;/; xNf i �

T
2RN�d,

respectively, where f i denotes the different fault types,N denotes the

C. Wang et al. / Chinese Journal of Chemical Engineering 70 (2024) 104e117 105



number of samples, and d denotes the variable dimension. For both
normal and faulty data, a sliding window with a fixed length L is
utilized to divide the data sets into multiple sequences. The sliding
windowmoves on the sample dimension of each class, and the stride
is set to be 1 for simplicity, so that the two time series sequentially
generated from one category set differ by one time step. More spe-
cifically, the sequences for normal and faulty category are denoted as

Zn ¼ ½z1n; z2n;/; zN�Lþ1
n �T and Zf i ¼ ½z1f i ; z2f i ;/; zN�lþ1

f i �T, respectively,
where zi ¼ �

xi; xiþ1;/; xiþL�1�T2RL�d. After the data preprocessing
process, the newly generated training data set is made up of Zn and
Zf i . Comparewith the original training data set, time-series are taken
as inputs instead of a single data sample, which enriches the infor-
mation contained in the input and is conducive to subsequent time-
related feature extraction based on the HMSAN based fault diagnosis
method.

2.2. HMSAN

Considering the great complexity of the chemical process, the
sequential process data are high-dimensional and have compli-
cated relationships among different variables. So, it is difficult to
describe the temporal correlations in such a long sequence from
only one perspective. Therefore, the HMSAN is proposed.

2.2.1. Multihead structure for HMSAN
First, the basic SAN is expanded to a multihead structure to help

the model get discriminated time-related global representations of
input sequences from different perspectives. The multihead struc-
ture is illustrated in Fig. 1.

Given the preprocessed input sequence zi ¼
½xi; xiþ1;/; xiþL�1�T2RL�d, it is firstly transformed into three
matrices Q, K, and V, representing the queries, keys, and values,

respectively through three trainable matrices WQ , WK , and WV :

Q ¼ zWQ2RL�dq

K ¼ zWK2RL�dk

V ¼ zWV2RL�dv

(1)

Then, h independent SANs are used in parallel to construct the
multihead structure. To get discriminated representations, the pa-
rameters of the h SANs are not shared.

Headi ¼ SAN
�
QWQ

i ;KWK
i ;VWV

i

�
(2)

where WQ
i 2Rdq�ðdq=hÞ, WK

i 2Rdk�ðdk=hÞ, and WV
i 2Rdv�ðdv=hÞ. The

scaled dot-product attention is one of the commonly used attention
functions and it is used as the basic model SANð*Þ in this paper. The
overall procedure of the scaled dot-product attention is shown in
Fig. 2.

In each SANunit, the similarity between queries and keys can be
calculated through dot-product. After that, the similarity is
normalized through a softmax function to get the weights for
matrix V. The weights and outputs are calculated as follows:

aij ¼
exp

�
qik

T
j

�

Pdk

t¼1
exp

�
qik

T
t

� (3)

ci ¼
Xn

t¼1

aitvt (4)

Finally, the computation of the scaled dot-product attention
function can be concluded as:

SAN
�
QWQ

i ;KWK
i ;VWV

i

�
¼ softmax

0

B@
Q iK i

T
ffiffiffiffiffiffi
dki

q

1

CAV i (5)

where
ffiffiffiffiffi
dk

p
is the scaling factor to prevent the dot-product from

being too large andmaintain the stability of the gradient in the back
propagation during training.

Since the queries, keys, and values in each head have a lower
dimension, the total computational cost of the multihead SAN is
similar to the original single-head SAN. Due to the learnable
parameter matrices, the input query, key, and value matrices of
each head are discriminative. Thus, the multihead structure can
extract the temporal features from multiple perspectives.

2.2.2. Hierarchical structure for HMSAN
Although the improved multihead SAN can represent the tem-

poral relationships among input sequences more comprehensively
through adding multiple heads, excessive heads in parallel may

Fig. 1. SAN with the multihead structure. Fig. 2. The procedure of the scaled dot-product attention.

C. Wang et al. / Chinese Journal of Chemical Engineering 70 (2024) 104e117106



learn redundant information, which cannot help to improve the
performance of the model. Take the multihead SAN with h heads in
parallel as an example, it can extract the time-related features
from h perspectives. Theoretically, the performance of the model
can be improved by continuously adding heads. However, due to
lack of restrictions, large amount of redundant information is
contained in different heads. Moreover, the shallow representation
cannot fully represent the temporal information contained in the
complicated chemical process data. To further improve the multi-
head SAN, a hierarchical structure is proposed, which expands the
multihead SAN in a deep way. The difference after introducing the
hierarchical structure is presented in Fig. 3.

More specifically, in the proposed method, the total number of
parallel heads is decreased to m and each head is further divided
into t subblocks, where m*t ¼ h. Compared to the multihead
structure, it focuses on less main aspects of the process data. For
each perspective, several subblocks are constructed to further
extract high-quality time-related features. Each subblock is made
up of a basic SAN and it maps the global time-related embeddings
to the deep latent space and obtain the local dynamic
representations:

ATTji ¼ SAN
�
Q iW

Q
ij ;K iW

K
ij ;V iW

V
ij

�
¼ softmax

0

B@
Q ijK

T
ijffiffiffiffiffiffiffi

dkij
q

1

CAV ij (6)

where ATTji denotes the local dynamic representations extracted by

each subblock, WQ
ij 2Rðdq=hÞ�ðdq=h=tÞ, WK

ij2Rðdk=hÞ�ðdk=h=tÞ, and

WV
ij2Rðdv=hÞ�ðdv=h=tÞ are the three learnable weight matrices to

obtain the discriminative query, key, and value matrices for each
subblock. Since the query, key, and value matrices of each subblock
are mapped from the global temporal feature of a single head, the
subblocks learn the deep local dynamic embeddings from different
perspectives. By further optimizing the dynamic feature extraction
in a single head, it is unnecessary for HMSAN to continuously in-
crease the number of heads in parallel. Through concatenating the
output of subblocks, the deep dynamic features of each head are
obtained:

Headi ¼Concat
�
ATT1i ;ATT

2
i ;/;ATTti

�
(7)

Then, the refined m heads are concatenated to get the final
representations:

E¼ConcatðHead1;Head2;/;HeadmÞ (8)

With the two-step feature extraction, the multihead structure
can learn global dynamic features from different perspectives, and
the hierarchical structure can further learn deep time-related local
features.

2.2.3. Many-to-one training strategy for HMSAN
The proposed HMSAN provides a new way to deal with the

time-series of chemical process. The basic SAN is not used as a
weighting approach for the RNN-based methods. Through
improving the basic SAN in both width and depth, HMSAN can
extract the dynamic characteristics without using the traditional
RNN-based methods. Therefore, the traditional sequential training
method is not suitable for HMSAN. All samples in the input time-
series are fed into HMSAN at once, and their temporal correla-
tions are calculated in parallel, which makes it easy for training.
Since the distance between each sample is 1, HMSAN can cover a
much longer horizon without long-term dependency.

The time-related representations E2RL�dv are achieved for each
input time-series through the proposed HMSAN. Each row in E
indicates the temporal correlations at different time step. However,
despite the last time step, the others all utilize the information of
future observations, which is unachievable in online fault diagnosis
stage. So only the representations of the last time step eL is used for
the fault diagnosis task.

Since the output eL of the HMSAN is a vector with high
dimension, it is not suitable to directly use a softmax layer for
classification task. Therefore, before a softmax layer, a feed-forward
network (FFN) is used to reduce the dimension to a proper value,
which is beneficial for improving the performance of fault
diagnosis:

F ¼ SeLUðSeLUðeLW1 þ b1ÞW2 þ b2 Þ (9)

Here, an activation function SeLU is applied after each linear
transformation layer to provide the model with non-linearity.
Moreover, to solve the overfitting problems in training deep net-
works, Dropout functions with probability p are applied on all
layers of HMSAN.

Finally, a softmax layer is applied to output the probability
distribution on the different patterns and achieve the predicted
label ~y of the input sequence:

~y¼ softmaxðFÞ (10)

To train such a fault diagnosis model, the loss function is set to
force the predicted label to be as close as possible to the target label
y. The loss function is given by:

Loss ¼ CE
�
~y; y

�þ lkqk2 (11)

where the CE means the cross-entropy, which is widely used
for classification purpose, and q denotes the parameters of
the model. The network is optimized by stochastic gradient
descent (SGD).

Fig. 3. The multihead structure (left), the hierarchical multihead structure (right).
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2.3. The procedure of HMSAN based fault diagnosis model

The procedure of HMSAN based fault diagnosis model is shown
in Fig. 4. It can be mainly divided into two parts: the offline
modeling and the online testing.

2.3.1. Offline modeling

Step 1 Collect the historical chemical process data under
normal condition and other faulty state.

Step 2 Normalize data with the mean and variance of normal
data.

Step 3 Adopt the sliding window strategy to construct the
time-series based training dataset.

Steps 4e6 Construct the multihead structure and the hierarchical
structure for HMSAN respectively to build the HMSAN
based fault diagnosis model. Adopt the many-to-one
strategy to train the model.

Step 7 Obtain the trained HMSAN based fault diagnosis model.

2.3.2. Online diagnosing

Step 1 Collect the real-time chemical process data.
Step 2 Normalize the real-time data with the mean and vari-

ance of normal historical data.
Step 3 Adopt the sliding window strategy to construct the

time-series input.
Step 4 Input the time-series into the trained HMSAN based

fault diagnosis model. Obtain the online diagnosis
result.

3. Case Study

In this section, a comprehensive environmental validation of the
proposed method for fault diagnosis is presented.

3.1. Evaluation metric

To verify the effectiveness of the fault diagnosis method, the
fault diagnosis rate (FDR) and the false positive rate (FPR) are the
commonly used evaluation indicators [31]. FDR and FPR are used in
this paper to evaluate the performance of the proposedmethod and
the comparison methods. For a certain faulty or normal state, the
computation of two evaluation metrics is given as follows:

FDR¼ p
Total number of samples

(12)

FPR¼1� q
Total number of other state samples

(13)

where p denotes the number of testing samples of the certain state
that are correctly classified, and q denotes the number of other state
samples that are not classified as the certain state. Therefore, high
FDR and low FPR are expected to achieve a good performance of
fault diagnosis.

3.2. Tennessee Eastman process

The Tennessee Eastman (TE) process [32], firstly proposed by
Down and Vogel, is a simulation of a complex chemical process,
which is widely used for the purpose of verifying different process

Fig. 4. The procedure of HMSAN based fault diagnosis model.
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monitoring and fault diagnosis methods. The process is mainly made
up of five operations, which are a reactor, a condenser, a compressor,
a vapor-liquid separator, and a stripper. This process outputs two
products (G, H) and one byproduct (F) from four reactants (A, C, D, E).
There are 53 variables in total, which contains 12 manipulated var-
iables, 22 continuous measured variables, and 19 composition vari-
ables. Moreover, 21 faulty conditions are specially designed in the TE
process besides one normal state. The flow chart of TE process is
shown in Fig. 5. More details can refer to Refs. [2,32].

To verify the performance of the proposed fault diagnosis
model, a total of 52 variables, which contain 11 manipulated
variables and 41 measured variables, and 17 typical fault types
besides the normal condition are chosen. For each state, 480
samples are collected continuously for offline training and
another 960 samples for online testing with the sampling interval
of 3 min. Moreover, in each faulty test set, the disturbance is
injected at the 160th sample. So, during online testing, only the
last 800 samples under each faulty condition are used. The
network structure of the proposed model is designed as 52-600-
300-150-100-18, where 600 is dimension of the output of the
proposed self-attention layer, and 300-150-100 represent the
feed-forward network with three hidden layers. For the proposed
self-attention layer, a 2e3 hierarchical multihead structure is
used, which has a total of six heads. The first layer with two heads
can extract global time-related features from two aspects. Then,
for each head in the first layer, three heads are used to further
extract the local time-related features in the second layer. Since
there are 17 faulty state and one normal state, the number of the
softmax layer neurons is set as 18. Besides, a sliding window with
length 40 is adopted.

The confusion matrix of the proposed method is shown in Fig. 6.
To evaluate the proposed model, a comparison study with other
representative fault diagnosis models is provided. The comparison
result, which includes the basic FFN, the FFN with DDA (DDA-FFN),
the RNN and its variants LSTM and GRU, and the proposed method

HMSAN, is shown in Tables 1 and 2. The algorithm with the best
performance in fault diagnosis is highlighted.

As can be seen from Tables 1 and 2, the proposed method out-
performs the other comparison algorithms in most fault cases with
higher FDR and lower FPR. For the basic FFN-based method, it does
not consider the time-related information in the sequential
chemical process data. Although the FFN with DDA and the RNN-
based methods are specially designed for time-series, the former
ignores the relationship between variables and will cause the
dimensional explosion, and the latter has difficulty in training and
may cause problems of long-term dependency. For the proposed
method, the main reasonwhy it outperforms the other comparison
algorithms is the proposed hierarchical multihead structure for the
SAN. To further verify the effectiveness of the proposed HMSAN,
experiments for both the multihead structure and the hierarchical
structure are provided.

For the comparison study of themultihead structure, SAN-based
models with different number of heads from two to eight are
provided besides the basic one-head SAN model. The hidden nodes
of different models are set to be the same to compare the perfor-
mance of different multihead structures. As shown in Table 1, fault
1, 2, 4, 5, 7, 9, 11, 12, 14 are relatively easy to diagnosis with a
diagnostic accuracy up to 98%. So, by omitting the results of these
fault types, only a part of the results is presented in Fig. 7. It can be
seen from Fig. 7 that the multihead structures outperform the basic
one-head structure for the most classes. The multihead structure is
introduced in the purpose of enabling the model to describe the
process from different aspects, which leads to the improvement of
the diagnosis accuracy.

However, as the number of heads grows, the classification ac-
curacy does not increase as expected in all normal and faulty states.
And the improvement of the average accuracy from 2-head to 8-
head is not obvious as expected. The 4-head SAN model performs
even worse than the two-head model. It is mainly because the
features learned by the newly added head cannot provide a new

Fig. 5. The flow chart of TE process [33].
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perspective from the other heads. The redundant features are not
helpful for the subsequent fault classification task to increase the
diagnostic accuracy.

To improve the multihead SAN, the hierarchical structure is
introduced. Fig. 8 illustrates the comparison results of the model
with a total of four heads. In the column chart, the blue column
represents the 4-head self-attention model. The green column
represents the proposed 2-2 hierarchical multihead self-attention
model, which improves the former to a progressive structure.
Similarly, Fig. 9 illustrates the results of the 6-head self-attention
model with and without the hierarchical structure. Figs. 8 and 9
clearly show that the introduction of the hierarchical structure

can improve the original multihead self-attention model to a
certain extent.

The proposed hierarchical multihead self-attention model
aims to pay attention to different time steps according to different
normal and faulty states. To visualize these weights more intui-
tively, attention maps for each head is represented. In the visu-
alization experiment, a 2e3 hierarchical multihead self-attention
model is applied for fault diagnosis on TE process. The attention
maps of normal process data are shown in Fig. 10. It is obvious that
each head mainly focuses on the current time step, and there is
not a great difference among different heads. It is mainly because
the process is operated under normal condition, and no failure

Fig. 6. The confusion matrix of HMSAN-based fault diagnosis for TE process.

Table 1
The comparison results of FDR for TE process (the best results are highlighted in bold)

FDR/%

FFN DDA-FFN RNN LSTM GRU HMSAN

Normal 57.90 96.48 72.22 49.74 38.10 82.5
Fault 1 100 100 100 99.47 100 99.87
Fault 2 100 100 100 100 100 100
Fault 4 95.24 100 100 100 100 100
Fault 5 96.15 100 100 96.32 100 100
Fault 7 100 100 100 100 100 100
Fault 8 54.17 76.32 62.5 63.29 56 83.68
Fault 10 94.12 62.16 17.65 46.45 47.06 76.97
Fault 11 72.73 95.93 69.56 96.71 96.15 97.90
Fault 12 80 99.85 75.86 91.71 95.65 99.87
Fault 13 82.61 89.88 93.10 95.66 96.15 98.42
Fault 14 96.67 100 100 100 100 100
Fault 16 80 54.66 14.29 49.47 53.85 95.53
Fault 17 78.57 92.75 95 95.92 93.55 96.45
Fault 18 89.29 93.56 33.33 67.63 94.74 96.71
Fault 19 81.48 79.37 62.5 90.66 88.46 95.13
Fault 20 68 92.51 92.31 93.02 94.15 94.87
Average 83.94 90.21 75.78 84.47 85.52 95.17
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occurred. For comparison, the attention maps of Fault 1 and Fault
14 are shown in Figs. 11 and 12 respectively, where Fault 1 is a step
fault, and Fault 14 is a sticking fault. It can be seen that each head
under both faulty state pays attention to different time steps.
Moreover, according to different data patterns, the weight
matrices are adaptively adjusted to focus on different key time
steps.

3.3. Continuous stirred tank reactor

In this section, a simulation of a CSTR is utilized to verify the
proposed hierarchical multihead self-attention model for fault
diagnosis. The flow chart of CSTR is shown in Fig. 13.

The CSTR model is widely used as a benchmark for assessing
fault diagnosis methods [35]. The settings of the CSTR simulation

Fig. 7. Comparison study on multihead structure in TE process.

Fig. 8. Comparison study on hierarchical structure with four heads.

Table 2
The comparison results of FPR for TE process (the best results are highlighted in bold)

FPR/%

FFN DDA-FFN RNN GRU LSTM HMSAN

Normal 3.88 1.24 4.91 2.61 3.45 1.79
Fault 1 0.57 0.74 0.49 0.63 0.46 0.69
Fault 2 0.22 0.05 0.06 0.07 0.07 0.02
Fault 4 0.61 0.02 0.64 0.03 0.03 0.02
Fault 5 0.66 0.06 0.76 1.53 1.74 0.03
Fault 7 0.13 0.06 0.13 0.12 0.07 0
Fault 8 0.48 0.41 1.15 0.12 0.15 0.06
Fault 10 1.45 1.65 0.74 1.92 1.02 0.39
Fault 11 1 0.85 0.65 0.18 0.15 0.02
Fault 12 1.29 0.25 5.95 1.37 1.03 0.06
Fault 13 0.33 0.78 0.45 0.72 0.36 0.28
Fault 14 0.38 0.09 0.15 0.08 0.72 0.15
Fault 16 2.07 2.58 1.96 2.94 1.06 0.67
Fault 17 0.46 0.10 0.08 0.02 0.25 0.11
Fault 18 0.53 0.23 0.28 0.21 0.34 0.11
Fault 19 1.02 2.59 3.44 3.03 3.14 0.31
Fault 20 1.68 0.86 1.30 0.85 0.77 0.36
Average 0.99 0.74 1.36 0.97 0.91 0.30
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Fig. 9. Comparison study on hierarchical structure with six heads.

Fig. 10. Weight visualization on normal process data.

Fig. 11. Weight visualization on faulty process data of Fault 1.
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are similar to Ref. [36]. A total of nine monitoring variables
are selected in the CSTR process. The monitoring variables include
cooling water temperature TC, cooling water flow FC, inlet
temperature T0, inlet concentrations CAA and CAS, solvent flow FS,
outlet concentration CA, temperature T, and reactant flow FA. Nine
types of faults are designed for the task of fault diagnosis. The fault
description is shown in detail in Table 3.

For each faulty state,1000 samples are collectedwith a sampling
interval of 0.2 min. Then, the data preprocessing strategy is used to
construct input data matrices, which contains time-related infor-
mation in the data sequence, and the length of the sliding window
is set as 10. For each fault type, the constructed input matrices are
divided equally into two parts. The first half is used as the training
data set, and the second half is used as the testing data set. To
compare the performance of the proposed method, similar to the
experiment of TE process, the basic FFN, DDA-FFN, and the RNN and
its variants LSTM and GRU are selected as the comparison algo-
rithms. For these fault diagnosis models, SeLU is selected as the

activation function, the learning rate is set as 1� 10�3, and the
batch size is set to be 32. The structures of these fault diagnosis
models are presented in detail in Table 4, where the HMSANð*Þ
represents the proposed method. LSTM and GRU share the same
network structurewith RNN. In this experiment, a 2-2 HMSANwith
a total of four heads is adopted.

The confusion matrix of the diagnosis result is shown in Fig. 14.
Tables 5 and 6 demonstrate the diagnostic results of FDR and FPR
for CSTR process respectively. It is obvious that the proposed
method has a significant improvement on FDR in normal state and
Fault 4, and the proposed method also has the highest average FDR
of 99.56% and the lowest average FPR of 0.05%. Besides, compared
to the fact that the proposed method performs well for all patterns,
the other comparison algorithms cannot classify some specific
patterns correctly.

For additional analysis, experiments for both the multihead
structure and the hierarchical structure of the proposedmethod are
provided.

Fig. 12. Weight visualization on faulty process data of Fault 14.

Fig. 13. The flow chart of CSTR [34].

Table 4
Detailed fault diagnosis model structures in CSTR

Model Structure

FFN Input(1 � 9)-FC(40)-FC(20)-FC(10)-Softmax
DDA-FFN Input(1 � 90)-FC(50)-FC(30)-FC(10)-Softmax
RNN Input(10 � 9)- RNN(50)- RNN(50)-FC(20)-FC(10)-Softmax
HMSAN Input(10 � 9)-HMSAN(60)-FC(40)-FC(20)-FC(10)-Softmax

Table 3
Fault description in CSTR

Fault Fault description

1 Bias in the sensor of the output temperature T
2 Bias in the sensor of the inlet temperature T0
3 Bias in inlet reactant concentration CAA
4 Drift in the sensor of CAA
5 Slow drift in reaction kinetics
6 Drift in E/R
7 Drift in Uac

8 Drift in CAA, CAS, FS, and T0
9 Step change in T0
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For the comparison study of themultihead structure, SAN-based
models with different number of heads from one to six are pro-
vided. The hidden nodes of different models are set to be the same
to compare the performance of different multihead structures. The
experimental results are shown in Fig. 15. Compared to the TE

Fig. 14. The confusion matrix of HMSAN-based fault diagnosis for CSTR process.

Table 5
The comparison results of FDR (%) for CSTR process (the best results are highlighted
in bold)

FDR/%

FFN DDA-FFN RNN GRU LSTM HMSAN

Normal 73.6 75.98 82.6 86.6 83.56 99.79
Fault 1 100 100 100 100 100 100
Fault 2 98.79 100 100 100 100 100
Fault 3 90.25 97.61 87.5 95.5 98.41 99.6
Fault 4 70.04 78.82 64.5 76.3 76.52 96.15
Fault 5 99.60 100 100 100 100 100
Fault 6 99.21 100 100 100 98.12 100
Fault 7 99.20 99.6 98.2 100 95.57 100
Fault 8 98.38 100 94.64 97.78 99.6 100
Fault 9 93.40 95.31 100 100 99.81 100
Average 92.25 94.69 92.75 95.6 95.15 99.56

Table 6
The comparison results of FPR (%) for CSTR process (the best results are highlighted
in bold)

FRR/%

FFN DDA-FFN RNN GRU LSTM HMSAN

Normal 0 0 0 0 0 0
Fault 1 0.52 0 2.66 0.11 0.05 0.02
Fault 2 0.26 0 0.02 0.45 0 0
Fault 3 4.12 3.41 3.71 3.31 3.32 0.42
Fault 4 0.04 0.02 0.54 0.2 0.04 0.04
Fault 5 0.04 0 0.02 0 0 0
Fault 6 3.42 2.49 0.88 0.83 1.99 0
Fault 7 0.01 0 0 0 0 0
Fault 8 0.15 0 0.24 0 0 0
Fault 9 0.04 0 0.02 0.01 0 0
Average 0.86 0.59 0.81 0.49 0.54 0.05

Fig. 15. Comparison study on multihead structure in CSTR process.

Table 7
The comparison results (FDR) on multihead structure in CSTR process (the best re-
sults are highlighted in bold)

FDR

1-Head 2-Head 4-Head 6-Head

Normal 0.955 0.975 0.969 0.965
Fault 3 0.805 0.884 0.875 0.926
Fault 4 0.859 0.936 0.925 0.922
Average 0.961 0.979 0.977 0.981
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process, the CSTR process is much simpler with only nine moni-
toring variables. The basic SAN can have a good performance on
most patterns. Except Fault 3, 4, and the normal class, all the four
models have a diagnostic accuracy of more than 99.5%. Therefore,
only the results of the normal class, Fault 3 and Fault 4 are pre-
sented in Table 7. It can be seen that all the multihead structures
outperform the basic one-head structure. However, as the number
of heads grows, there is not significant improvement on the diag-
nostic accuracy.

To further improve the capability of the multihead SAN, the
multihead structure is expanded to a hierarchical structure. The
results are shown in Fig. 16. The HMSAN is compared with the
original multihead SAN with the same number of heads. The dif-
ference is that each head of the original multihead SAN focuses on
one aspect of the input sequence, which may cause the redundancy
of the extracted features, while the proposed method forces the
model to focus on several main aspects. The results in Table 8 show
that the proposedmethod outperforms the original multihead SAN.
Both the 2-2 model and the 2-3 model have a great performance on
CSTR process with the average accuracy of more than 99.5%.
Considering the number of parameters, the 2-2 HMSAN is finally
selected as the comparison model.

The experiments on CSTR show that the proposed HMSAN can
effectively extract the time-related features of the industrial
sequential data and outperforms the other comparison fault
diagnosis methods. The weight visualization is shown in Figs. 17
and 18. HMSAN can generate discriminative weight matrices for
different classes, and the redundancy of the parallel heads are

Fig. 16. Comparison study on hierarchical structure in CSTR process.

Table 8
The comparison results (FDR) on hierarchical structure in CSTR process (the best
results are highlighted in bold)

FDR

4 Head 2-2 Head 6 Head 2-3 Head

Normal 0.969 0.998 Normal 0.965 1
Fault 3 0.875 0.996 Fault 3 0.926 0.965
Fault 4 0.925 0.962 Fault 4 0.922 0.998
Average 0.977 0.996 Average 0.981 0.995

Fig. 17. Weight visualization on normal process data.
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avoided. Both the multihead structure and the hierarchical
structure are proved to be effective to improve the fault diagnosis
accuracy.

4. Conclusions

This work proposes a novel fault diagnosis method based on
time-series and the HMSAN. To improve the performance of the
fault diagnosis model, the complex temporal correlation among
the industrial sequential process data cannot be ignored. The
proposed method can extract time-related features from the in-
dustrial sequential process data. It overcomes the long-term de-
pendency in RNN-based fault diagnosis methods and considers
the complex correlation among variables of the high dimensional
data compared to the DDA method. The multihead structure helps
the model to learn features from different aspects in parallel,
while the hierarchical structure helps the model to learn deep
dynamic features and decreases the redundancy among different
heads effectively. A special many-to-one training strategy is
designed to simplify the training procedure of HMSAN and
improve the ability to overcome the long-term dependency. To
verify the effectiveness of the proposed method, both TEP and
CSTR are simulated. The proposed method achieved an average
fault diagnosis accuracy of 95.17% on TEP and 99.56% on CSTR. The
experiment results illustrate that the proposed method has a su-
perior diagnosis performance.

In the future work, we will still focus on the time-series based
fault diagnosis and temporal feature extraction. Besides, it is noted
that the effectiveness of the proposed method is verified under the
assumption that the historical training data is sufficient. However,
in real chemical process, it is difficult to collect sufficient faulty
data, and the data under normal condition is the majority of the
historical data. Therefore, further research will be investigated for

the time-series based fault diagnosis under imbalance and few-
shot scenarios.
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