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Fault detection and diagnosis (FDD) plays a significant role in ensuring the safety and stability of
chemical processes. With the development of artificial intelligence (Al) and big data technologies, data-
driven approaches with excellent performance are widely used for FDD in chemical processes. However,
improved predictive accuracy has often been achieved through increased model complexity, which turns
models into black-box methods and causes uncertainty regarding their decisions. In this study, a causal
temporal graph attention network (CTGAN) is proposed for fault diagnosis of chemical processes. A
chemical causal graph is built by causal inference to represent the propagation path of faults. The
attention mechanism and chemical causal graph were combined to help us notice the key variables
relating to fault fluctuations. Experiments in the Tennessee Eastman (TE) process and the green ammonia
(GA) process showed that CTGAN achieved high performance and good explainability.
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1. Introduction

With the rapid development of technology, the modern chem-
ical industry has a good opportunity to move in a large-scale and
highly automated direction [1]. Chemical unit operations become
more tightly coupled to each other, which will make it easy for a
tiny fault to develop into a disastrous accident at a chemical plant.
In these cases, safety management is still faced with challenges
from increasingly complex chemical processes. Fault detection and
diagnosis (FDD), which can identify the abnormal state in time, is
the key technology to ensure the safe and stable operation of
chemical processes [2,3]. In the Industry 4.0 era, more and more
researchers have been focusing on FDD methods.

FDD methods can be classified into three categories: model-
based methods, knowledge-based methods, and data-based
methods. In the model-based methods, a mathematical model of
chemical processes was established based on the first principles
[4,5]. The knowledge-based methods depend on expert knowledge
of fault states and require a deep understanding of the chemical
process [4—6]. In both methods, FDD models are established based
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on an insight into chemical processes, which have a huge time cost
and a high labor cost [7]. It is difficult to build complex fault
diagnosis models for large-scale chemical processes. These
methods may be preferable to experts with engineering experi-
ence. With the rapid development of Al and big data technology,
the number of data-based methods that model different chemical
processes using the same approach, has increased considerably.
The data-driven methods depend on data, which can be derived
from the simulation data, the on-site data, or the generated data by
transfer learning. And they require minimal process knowledge [8],
which can extract effective information from input data containing
multidimensional features. With the increasing of data acquisition
capacity, the quantity and quality of data will be improved
constantly. This data-driven method can be divided into statistics-
based methods and machine learning methods [8,9]. Statistics-
based methods include partial least square (PLS) [10,11], principal
component analysis (PCA) [11—14], independent component anal-
ysis (ICA) [15,16], linear discriminant analysis (LDA) [17], and Fisher
discriminant analysis (FDA) [11,17,18]. These methods are proposed
to project the original data into a lower-dimensional feature space.
Based on this feature space, the key information can be extracted
more easily [19]. However, statistics-based methods that focus
only on the problems of dimensionality curse combined with
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classification methods to detect and diagnose faults should be the
next step.

After feature extraction, different fault diagnosis methods, pri-
marily traditional machine learning methods, are proposed to find
the root causes of faults. These methods are called classifiers.
Classifiers based on machine learning include support vector ma-
chines (SVM) [20—22], k-nearest neighbor (KNN) [23], random
forest (RF) [24], Bayesian networks (BN) [19,25,26], artificial neural
networks (ANN), artificial immune system (AIS) [27,28], and their
variants. Traditional machine learning methods, which can model
complex systems using the same simple framework, have nice
advantages in the big data era. However, these models with shallow
structures have a serious disadvantage, which is their low capa-
bility to learn the inherent rules of complex chemical processes
[29,30]. With the development of industrial sensors and the in-
crease of industrial data, the demand for data mining outstrips the
capability of machine learning models.

Compared with traditional machine learning methods, deep
learning methods can extract data features more effectively. In
recent years, more and more researchers have been focusing on
deep learning-based FDD. Wu et al. [31] proposed a fault diagnosis
method based on convolutional neural network (CNN), which can
extract features in both spatial and temporal domains. Zhang et al.
[32] used a bidirectional recurrent neural network (BiRNN) to
construct FDD models with sophisticated recurrent neural network
(RNN) cells. The BiRNN architecture can learn long-term de-
pendencies in chemical process data and achieve a higher fault
diagnosis rate (FDR). Wei et al. [29] proposed a modified trans-
former model called the target transformer, which can capture
long-term fluctuations using a target-attention mechanism and
detect faults earlier. There are other deep learning methods as well,
including one-dimensional CNN [20], the hybrid method inte-
grating CNN and BiRNN [33], the attention-based long short-term
memory (LSTM) [34], the attention-based CNN [35], and so on.
With the development of the computing capabilities of computers,
deep learning models have become more complex, and FDR is
getting higher and higher. However, this surge in performance has
often been achieved through increased model complexity, which
turns such methods into “black box” approaches and causes the
uncertainty that deep learning models bring to decisions [36].

There is a clear trade-off between the performance of a deep
learning model and its ability to produce explainable and inter-
pretable predictions. This need for trustworthy, fair, robust, and
high-performing models for industrial applications led to the
revival of the field of explainable Al. Wei et al. [29] used attention
mechanisms to improve the interpretability and performance of
deep learning models. Wu et al. [37] proposed a FDD structure
integrating chemical process topology as extra knowledge, called
process topology convolutional network, which uses centrality
encoding and spatial encoding. This method can also be combined
with the self-attention mechanism to have higher interpretability
[38], and it is important for its application in high-risk scenarios.
However, the complex chemical process has a large number of
nonlinear subsystems interacting with each other in a complex
way, and it is not enough to represent the fault propagation infor-
mation using physical topology between chemical unit operations.

To improve the transparency of model prediction, a novel fault
diagnosis method is proposed in this study, with a new structure of
causal temporal graph attention network (CTGAN) integrating
causal discovery with attention mechanisms. The major contribu-
tions of this work are summarized as follows:

(1) A novel model, CTGAN, a causality-aided graph attention
network, is proposed for fault diagnosis of chemical
processes.

(2) A chemical causal graph is built by causal inference to
represent the propagation path of faults.

(3) attention mechanism and chemical causal graph were com-
bined to achieve high interpretability.

The rest of the study is organized as follows: Section 2 in-
troduces the fundamental theories about causal inference and
graph attention networks. Section 3 introduces the FDD framework
based on CTGAN. Section 4 presents the experimental results of
fault diagnoses on the TE process and the GA process. Finally,
Section 5 provides a summary of this study.

2. Methods
2.1. Causal discovery by linear non-Gaussian acyclic model

In chemical processes, unit operations and streams are physi-
cally connected with pipes. Control loops link up the process var-
iables and manipulated variables with sensors, controllers,
actuators, etc. To fully utilize the information on topology, it is more
accurate to represent the data of chemical processes by a graph.
Different from the graph in process topology convolutional
network (PTCN) [37], causal diagrams model the exact dependency
between different variables rather than only describing the phys-
ical relationships between variables.

A causal diagram is a causal structure representing the causal
relationships between the observed variables. Causal relationships
have a greater advantage than statistical associations, where the
former can drive a knowledge discovery process to discover the
essence lying behind the phenomenon [39]. The linear non-
gaussian acyclic model (LINGAM) [40] is a well-known causal dis-
covery method widely used to identify causal relationships be-
tween the observed variables from data.

For the temporal causal discovery problem shown in Fig. 1, the
observational data with 4 continuous time series variables can be

defined by X = {x1, x5, x3,%,} €R*T, and the goal is to discover the
causality between all variables and to model a temporal causal
graph. In chemical processes, the x; R’ may represent a variable
such as temperature, pressure, and so on. Here, T is the length of
observations for each variable. The causal graph G = (V,&) is
learned from observational multivariate time-series data x by the
LiNGAM methods, where the nodes v; €V represents a time-series
variable x; and each directed edge e;; = (v;, ;) €€ from node v; to
v; denotes a causal relationship that variable x; causes an effect in x;.
The neighborhood of a node v; is defined as N (v;) = {u eV|(v;,
u)e&}. The degree of a node v; is the number of directed edges in
which it participates. The adjacency matrix A is a n x n matrix with
Aj =1ife;e€ and A = 0 is e &. In this case, n = 4.

Given the observed time-series data X = {x{,X;,X3,X},
LiNGAM assumes that the observed variables x; can be arranged in a
causal order where no later variable causes any earlier variable, and
the causal relationships between variables are linear and can be
defined as:

X

v, > Vv
& #
X3
X v
Xy V3 >V

Fig. 1. A causal graph was learned from multivariate observational time series data.
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X = Z b,‘ij+ei+Ci (1)
k(i) > k(j)

Here e; represents a non-Gaussian noise term that is independent of
each other. And ¢; is an optional constant; b is the coefficient
expressing causal strength. In this way, the nonlinear chemical
systems are simplified as linear causal relationships with noise,
which can facilitate modeling and accelerate calculation. The re-
sults of experiments by Parida et al. [41] show that the basic model
of LINGAM can be used to analyze nonlinear data for effective error
minimization and to reduce noises.
The LINGAM model in Fig. 1 can be written as:

X =eq (2)
Xy = b1aX; + €5 (3)
X3 = by3Xy + €3 (4)
X4 = bouXy + b3aX3 + €4 (5)

These linear equations can be represented in matrix form as:

X1 0 0 0 0 X1 €q
X b]z 0 0 0 X (59}
= + (6)
X3 0 b23 0 0 X3 €3
X4 0 Dbyg b3y O] |24 eq

Eq. (6) is the expansion of ¥ = Bx + e, where B is a matrix that
could be permuted to strict lower triangularity if the causal
ordering k(i) of features is known. Solve for x as follows:

x = Ae (7)

A=(I-B)! (8)

Here, A could also be permuted to a lower triangularity. Finally,
applying the independent component analysis (ICA) algorithm to
decompose the matrix x, we can obtain the LINGAM matrix B,
which describes the causal relationships among the features.

2.2. Graph attention network

As structured data in non-Euclidean space, graphs are irregular
in that a graph may have a variable size of unordered nodes and a
node may have a different number of neighbors. Each node in
graphs is related to others by links of various types, such as cita-
tions, friendships, and interactions. The irregularity of graphs
resulted in some important operations (e.g. convolutions) being
easy to compute in the image domain but difficult to apply to the
graph domain. A graph neural network (GNN) is a type of deep
learning model that can process data in the graph domain or non-
Euclidean space and has developed by leaps and bounds in recent
years.

The GNN model tends to learn a featured embedding that is
composed of nodes' neighbor information. For a graph classification
problem, the individual graph G is defined by its node feature X and
adjacency matrix A. The GNN targets to predict the labels of the
graph. Mathematically, it can be represented as:

h, = f(X,A) (9)

z, = flatten(h,) (10)

y=gz) (11)

The f function defines the transition function that transforms the
input vector into a d dimensional space. The hidden state matrix h,,
is unstacked as a vector z, by the flatten function. Then the vector z,
will be the input of the next classifier, g. There is an important
segment, called message passing or neighborhood aggregation, to
get a particular solution for h,. Many types of message-passing
mechanisms are proposed to adapt to different application sce-
narios. As an important variant of GNN models, the graph con-
volutional network (GCN) aggregates messages from the
neighborhood and itself. Its message-passing mechanism can be
expressed as:

H' = RELU(D’”ZAD’WH’W’) (12)
RELU(x) = max(0, x) (13)
A=A+I (14)

Here, H! is the feature matrix in the I'" layer. I is the identity matrix,
and A is the adjacency matrix of the graph ¢ with added self-

connections. D is the degree matrix of A. GCN uses this mecha-
nism to achieve normalized information aggregation. After multi-
ple such layers, each node feature vector will contain information
about its neighbors and further away nodes.

Unlike GCN's message-passing mechanism, the graph attention
network (GAN) [42] assumes that there are differences in the
contributions of neighbor nodes to the central node. GAN adopts
attention mechanisms to adaptively learn the weight of importance
for each neighbor node. The attention-based message passing of
GAN is defined as:

jeN (i

ng’+l>c( 3 a,,jwrzj’-) (15)

Q= softmax(a (Whg, Wh]’) ) (16)

In Eq. (15), h; is the feature vector of the central node, ¢ is an
activation function, ;; is the attention weight between the node i
and its neighbor j, W is a shared weight matrix for linear trans-
formation to every node, and a is a shared attention mechanism.
GCN learns dynamic neighbor features containing weighted
sharing properties to achieve higher expression abilities.

3. Causal Temporal Graph Attention Network Based Fault
Diagnosis Method

Because of the increasing requirements of fairness, account-
ability, and transparency, the CTGAN is proposed to achieve both
high performance and good explainability. The structure of CTGAN
is shown in Fig. 2.

The historical time-series data of chemical processes can be
transformed into directed acyclic graphs (DAG) with causality by
the LINGAM model, where each node represents a specific variable
and each edge denotes a causal relationship between two variables.
Based on the high-order Markov process (HOMP) [43] that the
current system state depends on the multiple-steps-before states,
the data were segmented by a sliding window with size t into
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Fig. 2. The structure of CTGAN.

matrixes possessing two dimensions: time and variables. Then the
dataset can be represented as X = {X1,X, -, Xm}, X;ER",
where n is the number of observed variables and t is the length of
the time window. A causal graph as an input sample is defined as
X,G = (Xj,A), where A is the adjacency matrix of the process causal
graph. The graph data integrates more information about the pro-
cess than the pure data matrix.

To transform the input data into high-dimensional features with
higher expressive power, two graph attentional layers are required.
As an initial step, each node undergoes a linear transformation with
a shared weight matrix W. The attention coefficient e;; is calculated
using the transformed node features:

eU:a(Wh,',Whj) (17)

Here, e;; indicates the importance of node j to node i. h; is the
hidden feature of node i, which can be initialized to a time-series
variable x;. The attention mechanism a is a single-layer feedforward
neural network that applies the nonlinear activation ReLU function,
and its parameters can be represented by «:

e;; = ReLU(a[Wh;||Wh;)) e
exp(e;)
ojj = softmax (e;) = ZTpl(]e,-k) (19)
keN;

Here, || represents the concatenation operation. To make the
importance of different nodes more intuitive, the softmax function
is used here to normalize the attention coefficients, obtaining the
weight coefficients jj of neighboring nodes. This is the process of
calculating the attention coefficients in the graph attention layer.
After obtaining the weight coefficients of the neighboring nodes of
node i, the information of the neighboring nodes and itself is
weighted and aggregated:

h; = ReLU

> aWh;

jEN{Ui

(20)

The weight coefficients are used to compute a linear combina-
tion of the features corresponding to them as the final output
feature for every node.

After being calculated by two graph attention layers, the hidden
features enter a global sorting pooling layer. The purpose of this
pooling layer is to select the k most important nodes through a
sorting strategy in order to achieve data downsampling and reduce
overfitting. The data from the pooling layer will be flattened into
one-dimensional data and input into a fully connected layer with a
random dropout. Finally, the output of the fully connected layer will
be normalized by the softmax function to obtain a confidence score
representing whether it is a certain fault.

The CTGAN-based framework consisting of an offline stage and
an online stage for fault diagnosis is shown in Fig. 3. Its diagnosis
procedures are described in Table 1.

4. Case Study
4.1. Tennessee Eastman process

4.1.1. Dataset

The Tennessee Eastman process is often used as a benchmark for
chemical process fault diagnosis. It is a complex chemical process
that involves multiple steps such as esterification, hydrogenation,
separation, and regeneration of ethylene glycol. The TE process is
shown in Fig. 4.

The experimental data in this study were generated based on
the simulator proposed by Bathelt et al. [44]. For this experiment,
20 fault types listed in Table 2 were selected for simulation.

In the simulation, a total of 50 variables were considered,
comprising nine process manipulation variables, 22 continuous
process measurements, and 19 composition analysis measure-
ments. The sampling period was set to 3 min (20 samples per
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Fig. 3. The CTGAN-based framework.

hour). The normal state simulation was performed for 500 h to
obtain 10000 normal state samples. Each fault condition was
simulated for 40 h after introducing a fault disturbance at a
stable status. The initial condition of the system was changed to
repeat each fault simulation 10 times, thus obtaining 8000
samples per abnormal state. However, for the fault six simula-
tion, the simulation was terminated after 7 h because reactor
pressure exceeded the limit. 80% of all data under each condition
was randomly selected as the training set, and the remaining 20%
of samples as the testing set. The simulation time and sample
sizes are shown in Table 3. The number of samples was similar
across the 21 simulations, mainly due to ensuring that the pro-
posed method is trained on a balanced dataset in the offline
stage.

4.1.2. Result and discussion
The causal graph of the TE process calculated by the LINGAM
algorithm is shown in Fig. 5. In graph theory, the node is the basic

Table 1
Algorithm of fault diagnosis based on the CTGAN

unit of a graph, and the degree is an important attribute of the
node because the degree distribution of a graph can represent the
importance of nodes. The degree of each node in Fig. 5 is displayed
in Table 4.

The degrees of nodes 1, 11, 18, and 21 are all greater than 7,
which means the neighbors of these nodes are abundant. Node 1
represents the A feed in stream 1. In the TE process, A is an
important reactant that participates in the generation of all prod-
ucts and by-products. Node 11 is the temperature of the product
separator. In a production process, there may be many factors
affecting the temperature of the product separator. Node 18 rep-
resents the temperature of the stripper. Once a fault occurs in the
process, the temperature of the stripper will produce significant
fluctuations. Node 21 is the reactor cooling water outlet tempera-
ture. This variable is also easily disturbed in the TE process. These
nodes play pivotal roles in the message passing of CTGAN.

Some nodes' degrees are equal to 0, such as nodes 2, 3, 4, 8, 14,
and 15, which indicates that these nodes have no obvious causal

Offline Stage:
Step 1: Historical data (X, Y) of chemical processes is collected.

Step 2: Data preprocessing. Based on the HOMP, the time-series data is transformed into nxt matrices.

Step 3: A causal graph is established by the LINGAM method, and the matrices are represented as graphs (X°.Y).

Step 4: Divide data into train set (XS, Yirain) and test set (Xgq, Yiest)-
Repeat:

Step 5: The CTGAN is designed for chemical processes.

Step 6: The CTGAN is trained with train set (Xﬂam, Y train)-

Step 7: The CTGAN is tested with test set (Xfést, Ytest) and judged.
Until:

The prediction on test set is satisfactory.
Online Stage:

Step 1: Collect online data X, which may consist of some new faults that are not included in historical data.

Step 2: Data preprocessing is applied to transform online data into a graph X°.

Step 3: Online samples are inputted into the trained CTGAN, which generates a prediction Yq for each data.

Step 4: Evaluate and determine the type of fault by experts.

Step 5: The new data (X, Yiue) Will be used to retrain or fine-tuning the model in the offline stage.
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Fig. 4. The TE process.

relationship with others. In the message-passing mechanism of the
graph attention layer, the information of neighboring nodes is
aggregated in each iteration. These nodes with a degree of O are
isolated, which means that these nodes cannot learn additional
effective features from other nodes, and their information also
cannot be passed to others. In this study, isolated nodes with their
represented variables are removed from the causal graph. On the
one hand, the fluctuations of variables represented by isolated
nodes in a causal graph have no effect on other nodes, and these
variables are not caused by others. However, once the fault occurs
in a chemical process, a chain reaction will occur between variables.
Thus, isolated nodes can be seen as redundant variables unrelated
to the fault diagnosis task. On the other hand, the elimination of
redundant variables can reduce the difficulty for models to extract
valid information from data and improve the efficiency of the
model training process.

After data processing and causal discovery, the CTGAN is trained,
where the batch size is set to 128, the number of epochs is set to 10,
and the learning rate is equal to 0.0001. The categorical cross-entropy
loss function is used to train the model, and the Adam optimizer is
used to accelerate the CTGAN's convergence. After the model
training, the testing dataset is inputted into the proposed model to
test the fault diagnosis effect. The confusion matrix with details of the
diagnosis results is shown in Fig. 6, where the horizontal axis rep-
resents the predicted labels and the vertical axis represents the true
labels. The color depth of the background is related to the proportion
of the predicted samples in the total sample size. Most of the samples
are distributed on the diagonal of the confusion matrix, indicating
that most labels predicted by the CTGAN match the true labels.
However, there is still difficulty in classifying faults 15 and 16. In
future work, in-depth data exploration can be carried out to identify
the root causes of the difficulty in classifying these two faults.

Table 2
Fault types in the TE process
Fault number Fault description Variation
1 A/C feeding ratio, B component unchanged (flow 4) Step
2 B component, A/C feeding ratio unchanged (flow 4) Step
3 Feed temperature of D (flow 2) Step
4 Inlet temperature of reactor cooling water Step
5 Condenser cooling water inlet temperature Step
6 Feed loss of A (flow 1) Step
7 Resistance loss of C (flow 4) Step
8 Feed components of A, B, C (flow 4) Random variables
9 Feed temperature of D (flow 2) Random variables
10 Feed temperature of C (flow 2) Random variables

11 Inlet temperature of reactor cooling water

Random variables

12 Condenser cooling water inlet temperature Random variables
13 Reaction dynamics Slow drift

14 Reactor cooling water valve Stick

15 Condenser cooling water valve Stick

16 Unknown Unknown

17 Unknown Unknown

18 Unknown Unknown

19 Unknown Unknown

20 Unknown Unknown
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Table 3
Simulation time and sample sizes

Status Train simulation time/h Test simulation time/h Train sample size Test sample size
IDV 01-05, 07—20 40 x 10 x 19 x 0.8 40 x 10 x 19 x 0.2 121600 30400
IDV 06 7 x 10 x 0.8 7 x 10 x 0.2 1120 280
Total 6536 1634 130720 32680

)

8

al[o)

6

G Oe

4

;

2

1 O

Fig. 5. Causal graph of the TE process.
Table 4
The degree distribution of TE causal graph

Node Degree Node Degree Node Degree Node Degree Node Degree
1 8 11 9 21 8 31 5 41 1
2 0 12 1 22 6 32 0 42 1
3 0 13 3 23 0 33 1 43 2
4 0 14 0 24 0 34 2 44 5
5 1 15 0 25 0 35 1 45 6
6 1 16 1 26 0 36 0 46 1
7 6 17 0 27 0 37 0 47 3
8 0 18 9 28 1 38 1 48 5
9 6 19 0 29 2 39 0 49 1
10 5 20 1 30 0 40 1 50 0

Other deep learning models were trained using the same
dataset and hyperparameters. The fault diagnosis rates (FDRs) and
false positive rates (FPRs) are compared with the CTGAN, as shown
in Table 5. The proposed method achieves the best results in
detecting 20 types of faults, where the FDRs of three faults are
greater than 99%. Moreover, the FDR for faults 15 and 16 is signif-
icantly higher than the other three deep learning methods.

Assume that experts can accurately diagnose which fault it is. If
the proposed method provides two possible faults, then the fault
diagnosis rate will be greatly improved. In the actual production
process, it requires manual intervention to solve faults that occur
during the runtime. Therefore, the CTGAN was set to return two
possible types of faults. The accuracy in this case is called the Topk
accuracy, where k represents the output number of fault types. The
confusion matrix of Top2 accuracy in Fig. 7 shows that the expert-

assisted model achieves outstanding performance in fault diagnosis
tasks.

The proposed method performs well in the TE process, which is
mainly due to causal discovery and attention mechanisms. The
time-series data in the TE process is restructured as causal graphs
by the LINGAM method, which integrates the topology of chemical
processes occurring in faults into the data. Moreover, a causal graph
without isolated nodes can be seen as a feature selection method,
which removes redundant variables from the data and benefits
model training. The dimension-reduction algorithm t-distributed
Stochastic Neighbor Embedding (t-SNE) [45] is used to visualize the
raw data and the causal data, as shown in Fig. 8.

Randomly selecting 1000 samples from 21 types of faults, the t-
SNE algorithm is used to transform the 20 x 50 sample matrixes
into vectors of length 2. In Fig. 8, each point represents a sample,
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Table 5
The FDR and FPR in the TE process
CTGAN Causal GCN CNN LSTM Transformer
FDR FPR FDR FPR FDR FPR FDR FPR FDR FPR
Fault 0 0.966 0.005 0.883 0.003 0.988 0.018 0.94 0.018 0.967 0.006
Fault 1 0.989 0.001 0.991 0.0 0.992 0.002 0.996 0.001 0.971 0.002
Fault 2 0.986 0.0 0.990 0.0 0.983 0.0 0.986 0.0 0.986 0.0
Fault 3 0.977 0.008 0.951 0.004 0.879 0.01 0.685 0.003 0.636 0.006
Fault 4 0.992 0.001 0.997 0.0 0.976 0.0 0.999 0.0 0.999 0.001
Fault 5 0.902 0.002 0.898 0.002 0.892 0.005 0.897 0.01 0.755 0.001
Fault 6 0.982 0.0 0.957 0.0 0.971 0.0 0.989 0.0 0.996 0.0
Fault 7 0.999 0.0 1.0 0.0 0.998 0.0 1.0 0.0 1.0 0.0
Fault 8 0.949 0.001 0.960 0.002 0.934 0.001 0.956 0.001 0.916 0.002
Fault 9 0.601 0.004 0.767 0.023 0.559 0.029 0.61 0.024 0.326 0.011
Fault 10 0.936 0.0 0.968 0.001 0.966 0.0 0.969 0.0 0.973 0.0
Fault 11 0.981 0.001 0.976 0.0 0.984 0.001 0.984 0.0 0.964 0.0
Fault 12 0.976 0.002 0.979 0.003 0.941 0.001 0.946 0.001 0.974 0.004
Fault 13 0.966 0.001 0.939 0.001 0.951 0.0 0.946 0.0 0.963 0.0
Fault 14 0.992 0.0 0.997 0.0 0.985 0.0 0.988 0.0 0.991 0.0
Fault 15 0.471 0.035 0.393 0.032 0.3 0.033 0.385 0.035 0.393 0.059
Fault 16 0.461 0.042 0.439 0.036 0.318 0.031 0.387 0.036 0.459 0.059
Fault 17 0.949 0.0 0.947 0.0 0.942 0.0 0.948 0.0 0.942 0.0
Fault 18 0.936 0.004 0.921 0.0 0.937 0.001 0.938 0.001 0.935 0.001
Fault 19 0.978 0.001 0.989 0.001 0.984 0.0 0.987 0.0 0.986 0.0
Fault 20 0.934 0.0 0.931 0.0 0.931 0.0 0.934 0.0 0.929 0.0
Average 0.901 0.005 0.898 0.005 0.877 0.006 0.880 0.006 0.8610 0.007

and the different fault types of samples are represented by different
colors in the graph. It can be observed that the samples will cluster
after reducing dimension by t-SNE. Theoretically, the samples with
more obvious clustering effects could be recognized and classified

more easily. In the original data, most of the samples were mixed
and not separated. The clustering performance of the data was
greatly improved after the removal of isolated nodes by causal
discovery.
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Fig. 7. Top two confusion matrix in the TE process.
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Fig. 8. The t-SNE algorithm for origin data and causal data in the TE process.

The attention coefficients of attention layers visualized in
Fig. 9 show the weights for edges in the causal graph during
message passing, which indicates the importance of different
edges or nodes. In each subgraph, the x-axis represents the
sequence numbers of edges, and the y-axis represents the
attention weights of different batches. The figure shows the
relative values of the attention weights, where the darker the
color of the grid, the greater the attention weight. It can be
observed that the model has different attention weights for

different edges in the causal graph. The edges 1 (4 — 35), 13
(17 — 13), 16 (17 — 27), 24 (20 — 48), 31 (30 — 47), and 40
(49 — 23) have large attention weights in the first attention
layer, indicating that the aggregation of information between
these nodes is more important to the CTGAN. The same goes for
the second attention layer. In chemical processes, it is required to
pay more attention to the fluctuations of these variables. The
attention mechanism enhances the aggregation of effective in-
formation while reducing the interference of unimportant nodes
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Fig. 9. The attention coefficients of CTGAN trained by TE dataset.
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Fig. 10. The GA process.

in the entire flow of information. This targeted information
propagation gradually enhances the dissimilarity of node fea-
tures, thereby avoiding excessive smoothing caused by similar
deep node features. The attention mechanism on the graph is
more conducive to the fault diagnosis of chemical processes.

4.2. Green ammonia process

4.2.1. Dataset

The Green ammonia process is a process for preparing
ammonia using renewable energy sources, such as wind and
solar. It involves many different pieces of equipment, such as
electrolytic cells, hydrogen storage tanks, compressors, etc. Each
step and piece of equipment in the process have the potential to
encounter faults, which can result in interruptions and produc-
tion declines in the process and even cause damage to the
equipment. The production of the GA process is influenced by the
supply of upstream energy, which requires dynamic load ad-
justments to be conducted in response to the fluctuations of
energy. Faults in the GA process are easily caused by frequent
load switching. Therefore, by promptly identifying and resolving
faults through FDD methods, production interruptions can be

Table 6
Fault types in GA process

Fault number Fault description Variation

1 Flow detection delay Random variables
2 Controller fault Step

3 Level display fault Step

4

Components of Hy, No Random variables

Table 7

The variables in GA process

Synthesis unit

|
| Product

Variables number

Variables description

1 H, feed (stream 1)
2 Temperature of stream 1
3 Pressure of stream 1
4 N, feed (stream 2)
5 Temperature of stream 2
6 Pressure of stream 2
7 NHj feed (stream 3)
8 Product separator pressure
9 Product separator temperature
10 Product separator level
11 Synthetic gas compressor work
12 Reciprocating gas compressor work
13 Synthesis tower temperature
14 Synthesis tower pressure
15 Stream 4 component H,
16 Stream 4 component N,
17 Stream 4 component NHs
18 Temperature of stream 4
19 Pressure of stream 4
20 Stream 5 component Hy
21 Stream 5 component N
22 Temperature of stream 5
23 Pressure of stream 5
24 Stream 6 component H,
25 Stream 6 component N,
26 Stream 6 component NH3
27 Temperature of stream 6
28 Pressure of stream 6
Table 8

The sample sizes of simulations for GA process

Status Train sample size Test sample size
Normal 8000 2000

IDV 01-04 1000 x 8 x 4 1000 x 2 x 4
Total 40000 10000
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minimized to the greatest extent, and both production efficiency
and quality can be improved while reducing unnecessary losses.
The fault data were obtained through simulation in UniSim, and
the process flowchart is shown as Fig. 10. For this experiment,
four types of faults listed in Table 6 were selected for simulation.
The collected 28 variables are listed in Table 7.

The sampling period is set to 1 min, which means 60 samples
per hour. The normal state simulation was performed to obtain
10000 normal samples. For fault simulations, a normal state
simulation ran for 2 h to ensure a stable status and then introduced
fault disturbances. Each fault simulation was repeated 10 times in
different initial conditions of the system to obtain 10000 abnormal
samples. 80% of all data under each condition were randomly
selected as the training set, and the remaining 20% of samples as
the testing set. The sample sizes of the simulations are shown in
Table 8.

4.2.2. Result and discussion
The CTGAN was applied to the GA process dataset, and the
model exhibited excellent performance. The causal directed acyclic

Table 9
The FDR and FPR in the TE process
CTGAN Causal GCN CNN LSTM Transformer
FDR FPR FDR FPR FDR FPR FDR FPR FDR FPR
Fault 0 1.0 0.0 1.0 0.0 0.0 1.0 0.0 1.0 0.0
Fault 1 1.0 0.0 1.0 0.091 0.284 0.060 0.0 0.0 1.0 0.249
Fault 2 1.0 0.002 1.0 0.001 0.0 1.0 0.0 1.0 0.0
Fault 3 0.993 0.0 0.637 0.001 0.761 0.178 1.0 0.252 0.0 0.0
Fault 4 1.0 0.0 0.992 0.0 0.0 1.0 0.0 1.0 0.0
Average 0.999 0.0004 0.9258 0.019 0.809 0.047 0.800 0.050 0.800 0.050
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graph is shown in Fig. 11. In this causal graph, it is observed that
some causal relationships that align with our understanding, such
as node 8 representing the pressure of the product separator, are
influenced by various upstream factors.

After embedding time-series data into the causal graph without
isolated nodes, the CTGAN is trained. The performance of the
trained model on the testing set is shown in Fig. 12. For normal
samples and fault samples in the GA process, the proposed method
achieves a fault diagnosis rate of 99%, whichis higher than other
deep learning models shown in Table 9.

5. Conclusions

A causality-assisted graph attention network called the causal
temporal graph attention network is proposed for complex
chemical processes in this study. The attention mechanism and
chemical causal graph were combined to achieve high inter-
pretability and wide applicability for different chemical pro-
cesses. A directed acyclic graph with causality is extracted from
the historical data by the causal discovery algorithm LiNGAM,
which can infer the information transportation chain when faults
occur. Messages in series-time data are passed and aggregated by
two graph attention layers in the CTGAN, and the important in-
formation is further extracted by the global sorting pooling. The
proposed FDD method achieved the optimal FDR and FPR results
among all the methods evaluated by the TE process and the GA
process. The attention weights combined with the causal graph
can help us notice the key variables relating to fault fluctuations.
There is a trade-off between the performance and interpretability
of deep learning models, but both are important for a practical
application. Exploring ways to enhance interpretability while the
performance is not declining will be an important and promising
direction in future research.
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