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Abstract: Fast and accurate fault diagnosis of strongly coupled,
time-varying, multivariable complex industrial processes remain a
challenging problem. We propose an industrial fault diagnosis
model. This model is established on the base of the temporal con‐
volutional network (TCN) and the one-dimensional convolutional
neural network (1DCNN). We add a batch normalization layer be‐
fore the TCN layer, and the activation function of TCN is replaced
from the initial ReLU function to the LeakyReLU function. To ex‐
tract local correlations of features, a 1D convolution layer is
added after the TCN layer, followed by the multi-head self-
attention mechanism before the fully connected layer to enhance
the model  s diagnostic ability. The extended Tennessee Eastman
Process (TEP) dataset is used as the index to evaluate the perfor‐
mance of our model. The experiment results show the high fault
recognition accuracy and better generalization performance of our
model, which proves its effectiveness. Additionally, the model's
application on the diesel engine failure dataset of our partner's
project validates the effectiveness of it in industrial scenarios.
Key words: fault diagnosis; temporal convolutional network;
self-attention mechanism; convolutional neural network
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0 Introduction

With the development of Industry 4.0 and intelli‐
gent manufacturing, industrial equipment has become in‐
creasingly integrated, complex, and intelligent; along
with the rapid growth in the quantity of data, the perfor‐
mance of equipment failure is becoming more complex.
The failure of complex precision industrial equipment
often causes immense losses, so the accurate diagnosis
of its failure is increasingly becoming a research priority.

Commonly used fault diagnosis methods are
mainly divided into model-based, knowledge-based, and
data-driven methods[1]. Model-based methods establish
mathematical models for equipment, such as state space
equations[2,3], to study different dynamic parameters and
responses of equipment in normal and faulty states;
knowledge-based reasoning methods are used in the case
of having obtained prior knowledge of equipment fail‐
ures; by combining practical experience, system prin‐
ciples and historical fault information, these methods
can infer the reason of failure, such as fault trees based
on Bayesian networks[4,5]; data-driven methods extract
features from the collected historical fault data of equip‐
ment to diagnose faults, such as K-means clustering al‐
gorithm[6,7], principal component analysis (PCA) algo‐
rithm[8,9] and so on. The model-based method requires
professional knowledge of the relevant equipment to es‐
tablish models, yet the model is complex, with poor
adaptability and reliability, and is prone to false posi‐
tives and false negatives; the fault diagnosis method
based on knowledge reasoning relies heavily on the
prior knowledge of equipment faults, which requires a
combination of a lot of practical experience to identify
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faults, and are often unidentifiable for unknown faults.
With the continuous breakthrough of deep learning tech‐
nology in image and natural language processing[10-15],
the application of deep learning technology to fault diag‐
nosis to improve its efficiency and accuracy has become
a research hotspot currently. In the past literature, the re‐
current neural networks (RNN)[16] like Long-Short Term
Memory (LSTM) [17] network and Gate Recurrent Unit
(GRU)[18] network are the commonly used deep learning
networks in fault diagnosis. However, the deep RNN
models face the problems of gradient disappearance and
gradient explosion[19-21], and due to the dependence on
the previous time step, RNN models have worse parallel‐
ization capability.

As CNN models have caught attention in time se‐
ries processing recently, Wu et al[22] firstly introduced a
deep convolutional neural network (CNN) to multivari‐
ate time series fault diagnosis, which formed the data
into [variate, time step] matrix to apply two-dimensional
convolution, and achieved 88.2% accuracy on test set;
Song et al[23] used a multi-scale two-dimensional convo‐
lution to identify chemical process faults and achieved
88.54% accuracy on test set; Deng et al[24] introduced a
genetic algorithm to reorder features before CNN and
achieved 89.72% accuracy on the test set. These CNN
models use two-dimensional convolution and pooling
layers to identify faults, which may face accuracy loss
and still have room for improvement. The temporal con‐
volutional network (TCN) proposed by Bai et al[25] uses
dilated convolution to better perceive long sequences
and exceed LSTM and GRU in time-series prediction
tasks. However, TCN can only process one-dimensional
time-series data and cannot process multi-dimensional
complex industrial data.

In order to accurately identify the faults in a com‐
plex multivariate industrial process that are strongly
coupled and time-varying, a fault identification model
based on improved TCN and one-dimensional convolu‐
tion is proposed. In the model, the activation function of
TCN is replaced by the LeakyReLU function, an extra
one-dimensional convolution layer is introduced in the
feature dimension to extract local correlation features,
and the multi-head self-attention layer is introduced be‐
fore the fully connected layer to establish a TCN-
1DCNN-Attention (TCA) model. Finally, the effective‐
ness and generalization of this model are checked on by
comparing the fault recognition rate with traditional
RNN models like LSTM, GRU and Transformer model.

The paper is organized in the following order: Sec‐
tion 1 is the introduction of preliminaries, including
TCN and Attention. Section 2 is the comprehensive de‐
scription of our proposed model. Section 3 is the experi‐
ments and analysis, and Section 4 is the conclusion.

1 Preliminary

1.1 Temporal Convolutional Neural Network

TCN is improved on the base of the Time-Delay
Neural Network (TDNN) proposed by Waibel et al[26],
which has been widely used in time series modeling[27-29].
TDNN is composed of one-dimensional fully convolu‐
tional layers and causal convolution, but if we want to
achieve an effective perception of long sequence data,
an extremely deep network or a large convolution kernel
is a necessity. To solve this problem, TCN adds dilated
convolutions to achieve an exponential receptive field
by inserting 0 taps between the taps of the convolution
kernel.

Figure 1 shows the principle of dilated casual con‐
volution of TCN. By using 3-layer one-dimensional ca‐
sual convolution with dilation factors d=1,2,4 and filter
size k=3, every tap of the output layer achieves a recep‐
tive field of 15 input data.

Specifically, for a given input 1D time-series data
xÎn and convolution kernel f:{0k - 1}, a single di‐

lated convolution operation on sequence element s is:

F(s)= (x*fd )(s)=∑
i = 0

k - 1

f (i)xs - di (1)

where d is the dilation factor, k is the convolution kernel
size, f(i) is the i-th tap of the convolution kernel, and
xs - di is the data in the sequence corresponding to the ca‐
sual convolution kernel tap, whose sample interval be‐
tween taps is d.

Fig. 1 Dilated convolution
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Therefore, the dilated convolution is to add a fixed
step interval to the adjacent convolution kernel taps. Spe‐
cially, on the condition of dilation factor d = 1, the di‐
lated convolution is equivalent to a normal full convolu‐
tion. In addition, to ensure the effective transfer of tem‐
poral information, TCN introduces additional residual
connections. The causal convolution ensures that the
convolution is carried out from the past to the future,
and future data will not be introduced into the historical
data; the residual connection conducts 1*1 convolution
for the input data and adds the dilated convolution data
to the output to realize cross-layer information trans‐
fer[30]. As a result, more historical details are obtained to
improve model accuracy. Figure 2 below shows us the
residual connection structure of TCN.

Advantages of TCN are as follows:
Strong parallelism: Convolutional neural networks

adopt the same convolution kernel in each layer, and
long input sequences can be processed in parallel as a
whole.

Flexible receptive field: The receptive field can be
flexibly changed by stacking dilated convolution layers,
increasing the dilation coefficient, and enlarging the con‐
volution kernel.

Gradient stability: Different layers have different
parameters and gradients and will not cause gradients to
explode or disappear due to parameter sharing like RNN.

Low memory requirement: No memory unit is re‐
quired except the convolution kernels, and convolution

kernels are shared among the same layers, contributing
to low memory requirement.

Variable input length: Input data is received by slid‐
ing one-dimensional convolution, and zero data can be
automatically padded when the input sequence length is
insufficient, so any data at any length can be received.

In the industrial process, a random occurrence of
fault means a unfixed fault sequence length, and TCN
can process these time series fault data of different
lengths flexibly. Due to the parallelism and lower
memory requirements, the TCN model  s training re‐
quires fewer resources, which means less training time.
In addition, the residual connection of TCN can better
convey historical information of long-term series data to
learn more features.

1.2 Multi-Head Self-Attention Mechanism

As input features increase, to obtain global feature
correlation, the traditional convolutional neural network
requires a very deep network, which will significantly in‐
crease model size, while the self-attention mechanism
can directly obtain the global feature correlation and as‐
sign a higher weight to important information. Self-
attention mechanisms require fewer parameters than
other neural networks.

The essence of the self-attention mechanism is to
map the input matrix X ={x i } iÎ(123T) into a

query matrix Q ={q i }, a key matrix K ={k i }, and a value

matrix V ={v i } iÎ(123T) through the matrix W Q,

W K, W V [31]. By multiplying the mapped matrix Q with

K T and the following softmax normalization ,we obtain
the corresponding weight coefficient k i for v i, and then v i

can be weighted and summed to the attention result, as
shown in formula (2):

Attention(QKV )= softmax ( QK T

dk )V (2)

where dk is used to prevent the gradient from disappear‐
ing, for the result of matrix multiplication is too large. In
practice, single-head self-attention often pays too much
attention to itself and omits detailed information, so the
multi-head self-attention mechanism[13] is proposed to
solve this issue. Compared with the single-head one, the
multi-head self-attention can extract information at dif‐
ferent levels, effectively improving model diagnostic
performance.

Multi-head self-attention uses multiple sets of self-
attention to process the input sequence, then concat‐
enates the results and performs a linear transformation to

Fig. 2 The residual connection of TCN
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output. Take i head self-attention as an example, its cal‐
culation process is shown in formula (3):

MultiHeadAttention(QKV )=Concat(h1h2h i )W
O

(3)

where h i is the result of i-th head self-attention, and
W OÎidv*dmodel is the linear transformation matrix.

h i =Attention(QW Q
i KW K

i VW V
i ) (4)

In formula (4), W Q
i Îdmodel*dk, W K

i Îdmodel*dk,
W V

i Îdmodel*dv, which maps corresponding Q, K, and V

matrix into query matrix Q i, key matrix K i and value ma‐

trix V i of the i-th head.
In our model, the self-attention layer is connected

to the one-dimensional convolution layer to extract im‐
portant features. By mapping features into correspond‐
ing query, key, and value matrix, calculating the correla‐
tion weight between each feature, and performing a
weighted summation to obtain the final weighted time-
series signal, we get the final important features to recog‐
nize different faults.

2 Proposed Model

2.1 Improvement of TCN

The original TCN network uses the ReLU activa‐
tion function, but the output of it is zero when the input
is negative, which may lead to neuron death. Therefore,
we use the alternative LeakyReLU activation function to
replace the ReLU function in order to give a minimal
gradient α when the input is negative, which can effec‐
tively avoid neuron death and accelerate the model to
converge simultaneously, as is shown in formula (5)
and (6).

ReLU(x)= {0  x ≤ 0
x  x > 0

(5)

LeakyReLU(x)= {αx  x ≤ 0
x  x > 0

(6)

2.2 Model Structure

In this paper, the one-dimensional convolution and
self-attention mechanism are introduced after TCN for
improvement, and network structure is shown in Fig. 3.
As we can see, our model mainly consists of TCN lay‐
ers, a one-dimensional convolution layer and a self-
attention layer.

To start with, we introduce the batch normalization
for each feature to accelerate model fitting and then ap‐
ply the four-layer TCN, whose activation function has
been replaced by the LeakyReLU function, to each fea‐

ture. The second part is the 1DCNN layer, applying two
channels of 1DCNN to extract the local correlations of
different features on each time step. The third part is the
self-attention layer, which further extracts key features
from the extracted local correlations and puts the result
in the final fully connected layer for one-hot classifica‐
tion. Weight normalization is used in the TCN layer, self-
attention layer and fully connected layer to speed up
model fitting.

Specifically, take the input data format [52, 200] as
an example, as is shown in Fig. 4, where 52 is the fea‐
ture number, and 200 the sampling length of time-series
data. Our model first uses four channels of TCN to ex‐
tract temporal correlations for each feature, which
changes the data format to [208, 200], and then sequen‐
tially uses one-dimensional convolution and multi-head
self-attention for the feature data on each sample. Fi‐
nally, a fully-connected network is connected after to
classify and output the one-hot vectors of 21 operating
states.

2.3 Parameter Settings

For the TCN layer, we use a TCN for 52 variables.
The TCN has four layers, and the dilation coefficients of
each layer are 1, 2, 4 and 8, respectively and a 4-channel
convolution is used in the first block, a 1-channel convo‐
lution in the remaining second, third and fourth layer.
The kernel size is set to 9, and the stride is 1. The struc‐
ture of the TCN layer is shown in Fig. 5.

The one-dimensional convolution layer uses two-
channel convolution on each time step. The kernel size
is 8, and the stride is 1. The 512 hidden units of the
multi-head self-attention layer are divided into 4 heads,
with 21 output dimensions in the fully connected layer
connected behind, which is used to classify the 21 oper‐
ating states of the device. We set the respect dropout of

Fig. 3 Network structure
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the TCN layer, attention layer, and fully connected layer

to 0.2, 0.2, and 0.1 to prevent overfitting. The negative

gradient α of the LeakyReLU activation function is set

to 0.1.

2.4 Lab Environment and Training Process

The hardware environments are as follows: the

CPU is Intel i7-4710MQ, the GPU is NVIDIA GeForce

GTX 860M GDDR5 2GB, and the RAM is DDR3L

1600MHz 8GB*2. All experiments are conducted under

Windows 10 Professional Build 19041.1110 with Python

3.8 and Pytorch 1.8.1+cu102, and performed on

PyCharm 2020.2 x64.

The training steps of our model are as follows:

1) Data normalization.

2) Break up the data set randomly, generate the

training set and validation set from training subset with

the ratio of 8:2, and convert the classification labels into
one-hot vector form.

3) Initialize each layer of the model, set the optimi‐
zation algorithm to Adam, the initial learning rate is
0.001 and is reduced on plateau scheduler, set the maxi‐
mum number of training epochs to 50, and use cross-
entropy loss function;

4) Save the model state of each epoch, and take the
state with the smallest loss in the validation set as the
best state.

3 Experiments and Discussion

In order to illustrate the model s diagnostic ability
on multi-source time series faults, the model  s perfor‐
mance is evaluated on the Tennessee Eastman Process
(TEP) dataset.

3.1 Tennessee Eastman Process

TEP is a simulated multivariate time series dataset
created by Eastman Chemical Company[32], which has
nonlinear characteristics such as strong coupling and
time variation[33], and is a widely used index to evaluate
the model s fault diagnosis ability of complex industrial
process. This simulation process is introduced by Downs
et al[34] and optimized by Ricker et al[35], and consists of
five components, including reactor, condenser, compres‐
sor, stripper, and separator, and provides 52 features, in‐
cluding 41 process measurements and 11 manipulated
variables. The optimized TEP proposed by Bathelt et
al[36] is shown in Fig. 6. The model has 21 operating
states, including one normal state and twenty fault
states, and the description of these states is shown in
Table 1.

Fig. 4 Overall train process

Fig. 5 Structure of TCN layer
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The standard TEP dataset can only generate limited
examples for each fault, which is insufficient for training
deep learning models. Therefore, we use the extended
TEP dataset proposed by Rieth et al[37], who uses random
seeds to generate more examples for each state. As the
running state was sampled every three minutes, the train‐
ing example was sampled 25 hours, i.e., 25 * 60/3 = 500
samples, and the fault state starts after an hour; the test
examples were sampled 48 hours, i.e., 48 * 60/3 = 960
samples, and the fault state starts after eight hours.

In this paper, we use the training subset of raw data‐
set to generate the training set and validation set, the ra‐
tio of whom is 8:2, and the test set is generated from the
whole test subset. The fault sampling length used in our
dataset is 200, that is, the 21-220 sampling point data of
the training subset is used in the training set and the vali‐
dation set, and the 161-360 sampling point data of the
test subset is used in the test set.

3.2 Experiment Analysis

3.2.1 The impact of different activation functions

To demonstrate what the effect of different activa‐
tion functions in TCN layer has on our model, an experi‐
ment comparing the model s performance using Leaky‐
ReLU or ReLU activation functions in TCN layer is con‐
ducted. The experiment results in Table 2 shows us the
salient advantages the TCA model using the LeakyReLU

activation function has over that using the ReLU activa‐

tion function.

The train process of TCA model using LeakyReLU

function and ReLU function is shown in Fig. 7. It is ob‐

vious that compared with the ReLU one, the model us‐

ing LeakyReLU function can get more stable conver‐

gence and higher accuracy.

3.2.2 The impact of different modules in our model

In this paper, the model is improved by introducing

1DCNN and self-attention on the basis of TCN. To illus‐

trate the validity of different module in the model, the

1DCNN and attention module are eliminated respec‐

tively to obtain four different models: TCN, TCN+Atten‐

tion, TCN+1DCNN, TCA, of which the parameters in

1DCNN layer and attention layer remain unchanged, cor‐

responding to that in TCA. All models take the epoch

with the smallest loss on the validation set as the best ep‐

och.

As shown in Table 3, the addition of 1DCNN and

self-attention can enhance the ability to detect failures,
improving recognition accuracy, and reducing training

loss. Still, added modules will also increase epoch time.

The TCA model with both 1DCNN and self-attention

has the longest training time per epoch, but the highest

accuracy and smallest loss.

Specifically, take the results of the above model on

Fig. 6 The optimized TEP
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faults 0, 3, 9, and 15 as an example. As is shown in

Fig. 8, the TCN+1DCNN model has better performance

on accurately detecting fault 9 comparing with the TCN

model, and the TCN+Attention model can further im‐

prove the accuracy on diagnosing fault 9 but loses its ac‐

curacy on diagnosing fault 15. The proposed TCA model

can combine the strengths of both TCN+1DCNN and

TCN+Attention model to achieve accurate diagnosis of

both types of faults simultaneously.

3.2.3 The impact of different convolution kernels in

the 1DCNN layer

To explore the performance of TCA model with dif‐

ferent convolution kernels in the 1DCNN layer, an ex‐

periment is conducted. The kernel size of 1DCNN layer

is set to 3-16, and the TCN and attention parts remain

unchanged. The performance of different kernels is

shown in Table 4.

From Table 4, as the kernel size increases, the train‐

ing time per epoch increases as well, for a single convo‐

lution has more calculation operations, the training time

increases about 29.5 s per epoch from kernel size 3 to

16. The performance of models with different kernels

Table 1 Description of TEP faults

Fault ID

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16-20

Description

Normal state

Material A/C feed ratio changes, material B does not change

Material B changes, A/C feed ratio does not change

Material D temperature change

Reactor cooling water inlet temperature change

Condenser cooling water temperature change

Material A feed loss

Material C pressure loss

The composition of materials A, B, and C changes

Material D temperature change

Material C temperature change

Reactor cooling water inlet temperature change

Condenser cooling water inlet temperature change

Reaction kinetics change

Reactor cooling water valve sticking

Condenser cooling water valve sticking

Unknown

Type

None

Step

Step

Step

Step

Step

Step

Random variation

Random variation

Random variation

Random variation

Random variation

Random variation

Slowly drift

Sticking

Sticking

Unknown

Table 2 Accuracy and loss of TCA model using different activation functions

Model

TCA + ReLU

TCA + LeakyReLU

Validation acc/%

94.46

97.14

Validation loss

0.128 6

0.064 3

Train acc/%

96.07

97.39

Train loss

0.089 5

0.066 2

Avg epoch time/s

167.7

162.8

Fig. 7 The train process of model using LeakyReLU function

and ReLU function
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varies from each other; the model with kernel size 13

has the worst performance on the validation set, which is

inferior to the TCN+Attention model by 0.5%. The com‐

monly used 3 and 5-size kernels can improve the model s
performance, with the accuracy being 95.07% and

94.91% respectively, which do not reach the rate of 96%

and it is inferior to the model with the kernel size of 6, 8

and 16. Among all these models, the model with kernel

size 8 achieves the best accuracy of 97.14%, and the

best loss of 0.063.

Through the above experiments, we have explored

the effects of replacing the activation function and add‐

ing 1DCNN or self-attention layer on the performance

of our model. Further, the performance of the model us‐

ing different convolution kernels is studied. Results in

Table 2 show that the activation function replaced to

LeakyReLU in TCN can effectively improve the model

performance. Results in Table 3 show the effectiveness

of the additional 1DCNN layer and attention layer, and

the model with both the 1DCNN layer and attention

layer shows the best performance. Results in Table 4 ex‐

port the performance of the model with different kernel

sizes in the 1DCNN layer and it is found that in most

cases, the 1DCNN layer shows its effectiveness, except

for that with a kernel size of 13, with the accuracy being

92.50%, which is even lower than the TCN+Attention

(93.00%) model without the 1DCNN layer. The perfor‐

mance of other models is improved by 0.54%-4.14%,

compared with the TCN+Attention model. As a result,

the 1DCNN layer in our model proves its effectiveness.

3.2.4 Comparison of TCA model and other neural net‐

works

Several commonly used neural networks, including

recurrent neural networks like LSTM, GRU, and Trans‐

former, are selected to compare with our model. There
are 2 or 4 layers in LSTM and GRU respectively, and

Table 3 Accuracy and loss of model with different modules

Model

TCN

TCN+Attention

TCN+1DCNN

TCA

Validation acc/%

90.57

93.00

92.10

97.14

Validation loss

0.238 8

0.132 5

0.154 0

0.064 3

Train acc/%

89.75

93.81

91.64

97.39

Train loss

0.255 3

0.112 5

0.154 6

0.066 2

Avg epoch time/s

87.7

134.1

115.9

162.8

Fig. 8 Confusion matrix of above models on fault 0, 3, 9 and

15

Table 4 Accuracy and loss of TCA model with different

convolution kernels in 1DCNN layer

Kernel

size

3

4

5

6

7

8

9

10

11

12

13

14

15

16

Validation

acc/%

95.07

93.54

94.91

96.76

95.76

97.14

94.41

95.82

94.41

94.08

92.50

94.19

93.79

96.24

Validation

loss

0.110 5

0.136 1

0.088 8

0.070 0

0.099 5

0.064 3

0.124 8

0.099 8

0.095 0

0.138 1

0.145 5

0.133 8

0.141 0

0.079 6

Train

acc/%

95.83

93.35

95.78

97.39

97.12

97.39

93.90

95.00

94.34

93.25

93.40

93.55

92.32

96.56

Train

loss

0.090 9

0.141 4

0.087 8

0.061 8

0.068 7

0.066 2

0.128 9

0.116 4

0.101 6

0.141 1

0.136 5

0.138 5

0.156 4

0.073 7

Avg

epoch

time/s

149.3

152.8

154.0

157.3

158.6

162.8

167.7

165.7

167.1

170.5

171.5

174.2

175.2

178.8
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the 2- or 4-layer model is marked with "2L" or "4L".
Since the bidirectional RNN model might leak future
samples, the RNN models here are unidirectional mod‐
els. The Transformer model stacks 6 encoders. All these
RNN and Transformer models have 52 dimensions in
the input layer and 128 dimensions in hidden layers, and
additional attention layers are added to RNN models
separately, with the mark of "+A" at end, and the hidden
units of these attention layers are set to 512, which are
the same as those in the TCA model. To speed up the
model fitting, the dropout of above models is set to 0.4.
The performance of all models is shown in Table 5.

In Table 5, we can see that RNN models have natu‐
ral advantages in processing time-series data; they can

achieve good results with small number of parameters
and short training time. Stacking more layers of RNN
does not significantly enhance models performance, but
can directly lead to the training time to increase. The ad‐
dition of the attention can effectively improve the model
performance. As a result, the performance of RNN mod‐
els with an attention layer is improved by 1.97%-4.22%.
The GRU2L+A model achieves the best accuracy of
97.46% and the smallest loss of 0.057 8 on the valida‐
tion set. The accuracy of Transformer model composed
of encoders on the validation set achieves 92.80%,
which is lower than that of the RNN models with the at‐
tention, indicating that the RNN network and the atten‐
tion can complement each other.

The accuracy on the validation set of TCA model

proposed in the paper achieves 97.14%, which is slightly

inferior to that of the GRU2L+A model by 0.32% but

surpasses those of the Transformer model and other

RNN models. However, due to the extensive use of con‐

volution, the average epoch time of the TCA model

reaches 162.8 s, which is 2.78 times that of the GRU2L+

A model.

3.2.5 Comparison of generalization ability of TCA and

other models on the test set

An extra experiment is conducted on the test set to

test the generalization ability of above models, and the

widely used F1 score[38,39] is used as the evaluation indi‐

cator. Formula (7) shows the method for calculating the

F1 score:

F1 = 2 ´
precision × recall
precision + recall

(7)

where precision =
TP

TP + FP
, indicating the percentage of

true positive samples in all positive samples tested, and

recall =
TP

TP + FN
, indicating the percentage of true posi‐

tive samples in all positive samples.
The F1 score, accuracy, and loss of the above mod‐

els on the test set are shown in Table 6.
As shown in Table 6, among all the 21 faults, our

TCA model achieves the best accuracy of 94.27%, loss
of 0.331 9 and the average F1 score of 0.9405 on the test
set, and achieves the best F1 score on 16 faults across all
21 faults. Among the most difficult faults 3, 9 and 15,
the respect F1 score of TCA also achieves 0.752 8,
0.900 7, and 0.769 7, which is the best F1 score for
faults 9 and 15. The confusion matrix in Fig. 9 shows
the detailed result clearly that our model can accurately
identify most faults, especially for fault 9 and 15, whose
accuracy reaches 93% and 71%, respectively. Although

Table 5 Accuracy and loss of TCA model and other neural network models

Model

GRU2L

GRU4L

GRU2L+A

GRU4L+ A

LSTM2L

LSTM4L

LSTM2L+A

LSTM4L+A

Transformer

TCA

Validation acc/%

93.24

93.26

97.46

95.23

92.54

92.88

95.23

95.20

92.80

97.14

Validation loss

0.181 7

0.183 1

0.057 8

0.068 9

0.180 3

0.177 5

0.068 7

0.069 4

0.132 1

0.064 3

Train acc/%

94.47

94.04

96.99

94.92

93.77

93.47

95.21

94.71

93.27

97.39

Train loss

0.160 5

0.173 7

0.062 1

0.082 0

0.168 1

0.174 2

0.068 8

0.096 7

0.125 9

0.066 2

Avg epoch time/s

19.8

58.7

58.6

95.1

20.6

59.5

57.6

96.4

89.5

162.8
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the GRU2L+A model performs better than the TCA

model on validation set, its generalization ability is

slightly worse than that of the TCA model on the test

set. In all 21 faults, the F1 score of the TCA model is not

inferior to that of GRU2L+A model for 20 faults, and is

superior to that for 9 faults, but substantially inferior to

that for fault 5. The confusion matrix can show the iden‐

tification result of fault 5 clearly, though accurately our

model can identify fault 5, the misidentification of large

numbers of fault 3 samples as fault 5 results in a low F1

score of it. Meanwhile, the matrix shows that the recog‐

nition ability of our model between fault 0 (normal state)

and fault 15 still needs to be strengthened; about 27%

fault 0 states are recognized as fault 15 and 14% fault 15

as fault 0, demonstrating the main reason of accuracy

loss; 29% fault 5 as fault 3 is another cause. However,

our model still achieves the best F1 score of 0.661 4 on

fault 0, indicating the most robust discrimination ability

under a normal state and fault condition.In addition, the

model is tested on the partners diesel engine failure da‐

taset, on which project this paper relies. Failures such as

reduced compressor efficiency, extended combustion du‐

ration and reduced fuel injection of diesel engines can

lead to a slow decrease in the output power of diesel en‐

gine and aggravate the wear of diesel engine parts,

which reduces the operational stability. We use the col‐

lected time-series sensors data as model input. The re‐

sults turn out that the model can quickly and effectively

detect faults compared with the manual detection

method.

4 Conclusion

For complex multivariate industrial process faults

that are strongly coupled and time-varying, a TCA

model based on TCN together with 1DCNN and multi-

Table 6 F1 score, total accuracy and loss of the models on the test set

Fault

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

Avg F1

Acc/%

Loss

GRU2L

0.008 7

1

1

0.671 7

1

0.982 2

0.999 5

1

1

0.766 7

0.995 0

1

0.998 0

0.999 0

1

0.476 8

0.987 7

1

0.998 1

1

1

0.903 0

87.40

0.755 6

GRU4L

0.338 1

1

1

0.687 9

1

0.666 7

1

1

0.999 5

0.780 4

0.967 6

1

0.996 0

0.998 5

1

0.588 0

0.937 6

1

0.998 0

0.982 8

0.910 7

0.910 1

89.85

0.860 6

GRU2L+A

0.379 7

1

1

0.716 9

0.999 5

0.991 9

1

1

1

0.827 0

1

1

0.995 0

0.992 5

1

0.496 3

1

1

0.996 5

0.999 5

1

0.923 6

93.31

0.3413

GRU4L+A

0.536 3

1

1

0.906 2

0.999 5

0.999 5

1

0.998 0

1

0.737 7

0.999 5

1

0.993 4

0.998 5

1

0.004 0

0.999 0

1

0.996 5

1

1

0.912 7

93.08

0.339 6

LSTM2L

0.133 5

1

1

0.930 3

1

0.708 0

1

1

0.995 5

0.817 3

0.828 2

1

0.998 0

0.995 0

1

0.526 5

0.899 7

1

0.998 0

0.997 0

0.977 0

0.895 4

86.17

0.899 8

LSTM4L

0.092 1

1

1

0.792 2

0.999 4

0.858 4

1

1

0.998 0

0.876 1

0.865 0

0.997 5

0.997 0

0.998 5

1

0.514 0

0.838 2

1

0.997 5

0.991 6

0.998 5

0.895 9

86.50

0.879 2

LSTM2L+A

0.490 4

1

1

0.733 1

1

0.7179

0.999 5

1

1

0.848 7

0.999 5

1

0.997 0

0.998 0

1

0.144 9

0.999 0

1

0.996 5

1

1

0.901 2

90.93

0.577 8

LSTM4L+A

0.487 1

1

1

0.875 2

0.998 5

0.998 0

1

0.999 5

1

0.783 3

0.996 5

1

0.993 0

0.995 5

1

0.329 0

0.978 9

1

0.993 0

1

1

0.925 1

93.29

0.357 6

Transformer

0.193 7

0.9985

1

0.883 4

0.999 5

0.985 8

1

1

0.998 0

0.313 6

1

1

0.997 5

0.997 5

1

/

1

1

0.996 5

1

1

0.918 2

88.61

0.348 8

TCA

0.661 4

1

1

0.752 8

1

0.678 4

1

1

1

0.900 7

0.998 3

1

0.995 1

0.995 0

1

0.769 7

1

1

0.998 3

1

1

0.940 5

94.27

0.331 9
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head self-attention is proposed, and we further improve
the model by replacing the activation function of TCN.
The introduction of 1DCNN can effectively extract the
local correlations of multivariate, and the following
multi-head self-attention can automatically assign higher
weights to important features. The experiment results
validates its effectiveness.
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