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With the increase in the complexity of industrial system, simply detecting and diagnosing a fault may be
insufficient in some cases, and prognosing the fault ahead of time could have a certain necessity. Accurate
prediction of key alarm variables in chemical process can indicate the possible change to reduce the prob-
ability of abnormal conditions. According to the characteristics of chemical process data, this work pro-
posed a key alarm variables prediction model in chemical process based on dynamic-inner principal
component analysis (DiPCA) and long short-term memory (LSTM). DiPCA is used to extract the most
dynamic components for prediction. While LSTM is used to learn the relationship and predict the key
alarm variables. This work used a simulation data set and a real hydrogenation process data set for appli-
cations and explained the model validity from the essential characteristics. Comparison of results with
different models shows that our model has better prediction accuracy and performance, which can pro-
vide the basis for fault prognosis and health management.
� 2022 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights reserved.
1. Introduction quently alarmed, would be selected as key alarm variables. DCS
Due to the dangers of chemical materials and operation pro-
cesses, the chemical industry has many hidden safety hazards
[1]. To alleviate the severity of chemical accidents or even prevent
the accidents, chemical processes usually have layers of protective
measures [2]. Advances in process safety management have high-
lighted the importance of intelligent process monitoring [3,4]. A
number of important advances have been made in the field of fault
detection and fault diagnosis (FDD) in the midst of various chal-
lenges [5–9]. Simply detecting and diagnosing a fault may be insuf-
ficient in some cases, and prognosing the fault ahead of time could
have a certain necessity [10,11]. Even when there is an automated
control system, a human operator may need to handle possible
abnormal conditions if the controller is unable to resist a distur-
bance effect [12].

In chemical plants, distributed control system (DCS) could pro-
vide real-time monitoring of process variables and databases of
process variables. In process monitoring, DCS would not focus on
the all process variables at the same time. Process variables, which
are located at key logical positions in the process and are fre-
could monitor process variables and perform subsequent FDD
based on their changes. Moreover, the warning system is a guid-
ance tool for the operator, and it would greatly reduce the proba-
bility of abnormal conditions by achieving the key alarm
variables prediction [13].

Current fault prognosis methods can be generally classified as
three types: model-based methods, knowledge-based methods
and data-based methods [14]. The model-based methods are
approaches that build accurate mathematical description of sys-
tems using physics or first-principle, which tend to be better than
other models when sufficient knowledge are available. However, it
is generally unavailable to exact mathematical knowledge as
industrial systems become more and more complex. The
knowledge-based methods are based on engineering experience
and historical events, which could be efficient when the process
knowledge has been already accumulated. But the prediction accu-
racy and application scope are largely limited due to the combina-
tional explosion problem. And the data-based methods determine
the status of the system within a certain period of time by analyz-
ing the previously observed data, which is the concentration of this
work.

In the early stage, process monitoring and warming were per-
formed on account of the statistical trends measured variables.
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The system would issue the warning when the monitoring vari-
ables were out of the control limits [12]. Then multivariate statis-
tics such as principal component analysis (PCA) and partial least
square (PLS), were widely used since a multivariate monitoring
procedure was developed to efficiently monitor the performance
of large processes [15]. Afterwards predictive monitoring for
abnormal situation was proposed which used predictions from a
dynamic model to forecast whether process variables would vio-
late the limit in the future [16]. The accuracy of chemical process
data prediction could affect the effectiveness of predicting moni-
toring system.

Chemical process data is essentially a set of multi-dimensional
time series, and the research of time series prediction has gone
through a long time of development [17]. Box-Jenkins model pro-
vides a comprehensive time-series data forecasting method, which
focuses on discreet and linear stochastic processes [18]. Autore-
gressive (AR), moving average (MA), autoregressive-moving aver-
age (ARMA), autoregressive integrated moving average (ARIMA)
were proposed based on Box-Jenkins model [19].

The approximation of linear models to complex real-world
problems is not always satisfactory, because traditional linear
models cannot describe the characteristics of nonlinear problems.
In order to predict complex data like chemical process data more
accurately, non-linear prediction methods are proposed, such as
artificial neural networks (ANNs), autoencoder (AE), support vector
machine (SVM), and radial basis function (RBF) network [20].

The above nonlinear models predicted process data better, but
they ignored the time sequence nature of process data. Based on
ANN, recurrent neural network (RNN) was designed to seize the
time-series nature of process data, and to be used to forecast more
accurately [21]. The training process of RNN had the natural char-
acteristics of gradient disappearance and gradient explosion. In
order to solve the problem, Hochreiter and Schmidhube proposed
a long short term memory (LSTM) structure [22]. Based on LSTM,
a series of models were well applied in chemical process predic-
tions [16–25].

High-dimensional chemical process data may bring more fea-
tures and more complex models, which might lead to model over-
fitting and poor extensiveness. Dimensionality reduction probably
abate the impact of high-dimensional data by extracting important
features [26]. Ji et al. [27] predicted the remaining useful life of air-
plane engine based on PCA-BLSTM(bi-directional long short-term
memory). The principal components extracted by PCA were fed
in BLSTM and the hybrid model manifested better prediction accu-
racy and performance. A major problem of PCA is that it does not
pay attention to time series and autocorrelation of the data [28].
In order to seize the autocorrelation of time series, Ku et al. [29]
proposed dynamic PCA method and Dong et al. [30,31] raised a
novel dynamic PCA (DiPCA) inspired by dynamic internal local
least squares.

A data forecast model of key alarm variables in chemical pro-
cess based on DiPCA-LSTM is proposed in this paper. The model
grasps the dynamic characteristics of chemical process data to
obtain preferable prediction. And this paper verifies the effective-
ness of the prediction model through actual process data of a
chemical pre-hydrogenation process. The model has the following
advantages compared to existing researches: (1) Our model uses
LSTM structure to focus on longer-term dependencies and per-
forms better in data predictions; (2) Our model extracts the most
predictive variables, reducing the complexity of the original fore-
cast problem; (3) The effectiveness of our model can be explained
intuitively.

The remainder of this paper is organized as follows. Section 2
reviews the basic knowledge of the dimensionality reduction
method and neural networks. Section 3 includes the diagram of
the proposed process data forecast method. The results of the case
study experiments are revealed in Section 4. Section 5 gives a sum-
mary and outlook.
2. Model

2.1. Recurrent neural network

Since the back-propagation algorithm was proposed, neural
networks have been an important research area in the field of
machine learning [32]. With the development of computing hard-
ware and software, neural networks have become more significant
in the field.

The neural network is composed of multiple neuron structures.
The classification, diagnosis and prediction are completed through
the connection and information transmission between the neu-
rons. The structure of neuron consists of input, weight, summation,
activation function and output. The structure of neuron is con-
sisted of input, weight, summation, activation function and output.
The activation function allows the neuron to perform a nonlinear
transformation to deal with the nonlinear problem. The final out-
put of the neuron can be expressed as:

y ¼ f zð Þ ¼ f
X
j

W jxj

 !
¼ f WTx
� �

ð1Þ

The most common and basic structure of neural network is fully
connected neural network. For time series data, fully connected
neural network may not be applied well, because previous data
shows indispensable importance when predicting variables of time
series data. RNN was processed to process time series data, which
has the characteristic that the hidden layers of the neural network
are connected. The input of a hidden layer includes the input at this
moment and the output of the previous layer. Another characteris-
tic of RNN is that the parameters are shared at different neurons,
which also greatly reduces the number of the neural network vari-
ables and may effectively reduce the training time [33]. Fig. 1 is a
typical RNN structure.

The backpropagation through time (BPTT) algorithm used in the
training stage of RNN has the inherent drawback that backpropa-
gated gradients either grow or shrink at each time step and will
cause gradient explosion or vanishment eventually [34]. LSTM
was proposed to settle the conundrum [22]. Compared with the
ordinary RNN structure, the biggest feature of LSTM network is
introduction of the ‘gate’ structure to vary the information. Fig. 2
is a typical LSTM unit [6].

In Fig. 2, r represents the sigmoid activation function, and tanh
represents the tanh activation function. C is the long short-term
memory through each structure. In each LSTM unit, there are a for-
get gate, an input gate, and an output gate to control the informa-
tion. The computational formulas are showed as followed.

Of ¼ r W f � xt ;h t�1ð Þ
h i

þ bf

� �
ð2Þ

Oi ¼ r W i1 � xt ;h t�1ð Þ
h i

þ bi1

� �
� tanh W i2 � xt;h t�1ð Þ

h i
þ bi2

� �
ð3Þ

C tð Þ ¼ Of � C t�1ð Þ þ Oi ð4Þ

h tð Þ ¼ Oo ¼ r Wo � xt ;h t�1ð Þ
h i

þ bo

� �
� tanh C tð Þ

� �
ð5Þ
2.2. DiPCA

Single data sample x 2 Rm represents a data vector with m vari-
ables. Assuming that each variable has n samples, the total data
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Fig. 2. LSTM unit structure.

Fig. 1. Recurrent neural network structure.
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matrix is X 2 R . The rows represent samples, and the columns
represent the collection of a variable over time.

The goal of PCA is to extract the component of the largest vari-
ance in the m-dimensional measurement space, p is a loading vec-
tor, and the measurement space is projected into the expected
subspace [31,35]. The relationship above can be expressed as:

max
p

pTXTXp s:t:kpk ¼ 1 ð6Þ

The above optimization problem can be solved by Lagrange
multiplier:

XTXp ¼ kpwhere; k ¼ pTXTXp ð7Þ
So, p is the eigenvector of XTX, and k is the corresponding max-

imum eigenvalue. The original data matrix can be transformed by
the score vector t = Xp to extract the next largest eigenvalue and
eigenvector:

X :¼ X � tpT ð8Þ
The loading vectors p extracted l times are combined to form a

loading matrix, and the m-dimensional data matrix coverts to an l-
dimensional data matrix.

The goal of DiPCA is to extract the dynamic characteristics of
hidden variables, which are also the most predictive variables
[31]. The dynamic characteristics of latent variables can be
expressed as:

tk ¼ b1tk�1 þ b2tk�2 þ � � � þ bstk�s þ rk ð9Þ
The algorithm extracts the latent variable expression as follows,
which is a linear combination of the original observed variables:

tk ¼ xT
kw ð10Þ

xk is the sample vector at time k, and w is the weight vector. rk
is the prediction residual which can be ignored. The prediction
model of latent variables is:

tk
^

¼ xT
k�1wb1 þ xTk�2wb2 þ � � � þ xT

k�swbs ¼ xTk�1 � � � xTk�s

� �
b
O
wð Þ

ð11Þ
The objective function of DiPCA is:

max
b;w

1
N

XsþN

k¼sþ1

wTxTk xTk�1 � � � xTk�s

� �
b
O
wð Þ ð12Þ

For a matrix X ¼ x1x2 � � � xNþs½ �T, matrix can be transformed to:

Xi ¼ xixiþ1 � � � xNþi�1½ �T; i ¼ 1;2 � � � ; sþ 1 ð13Þ

Zs ¼ X1X2 � � �Xs½ � ð14Þ
Through this transformation, the above objective function can

be rewritten as:

max
b;w

wTXT
sþ1Zs b

O
wð Þ s:t:w ¼ 1;b ¼ 1 ð15Þ

w can be optimized by Lagrange multiplier method. In the pro-
cess of extracting dynamic features, the following 4 steps are used
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to extract the loading vector matrix to implement the DiPCA algo-
rithm, which were shown in Ref. [31]:

(1) The data matrix X is normalized and adjusted to zero mean
and unit variance. The loading vector w is initialized to a random
unit vector.

(2) Extract latent variables and record the loading vector w at
convergence.

(3) After extracting a loading vector, the original data matrix is
compressed.

(4) Return the compressed data matrix to step (2) to extract the
next latent variable until l latent variables are extracted.

These loading vectors are combined into a loading matrix W,
and the score matrix X0 is a linear transformation of the original
variables with lower dimensions, which is the combination of tk
at the time for each input. Then we train the models to learn the
changes of the score matrix X0. The matrix X0 can be calculated as:

X 0 ¼ XW ð16Þ
The data matrix obtained by DiPCA has a lower dimension than

the original data, but in the data prediction, the experiment needs
to restore the low-dimensional data to the original data space to
verify the accuracy of the prediction.
3. The Proposed Key Alarm Variables Forecast Method

The proposed key alarm variables prediction method is shown
in the Fig. 3. During the data preprocessing stage, the historical
process data under normal and abnormal working conditions are
collected and preprocessed for training. In the models designing
and training stage, LSTM models are designed and trained by
low-dimensional training datasets. During the data forecasting
stage, testing data is preprocessed by normalization and feature
extraction. Then we use the low-dimensional testing datasets to
get the key alarm variables predictions. The specific experimental
steps are shown in the following description.

Data preprocessing:
Step 1: The data under normal working conditions and abnor-

mal conditions are selected from the historical dataset for model
training.

Step 2: Normalization is used for data pre-processing. Then
loading vectors are calculated by DiPCA.

Step 3: The feature extraction is realized by the loading vectors.
Then a time window is selected to transform the original data into
fixed-length multivariate time series matrices.

Models designing and training:
Step 4: LSTMmodels are designed by architecture optimization.
Step 5: The models are trained by the low-dimensional training

datasets.
Data forecasting:
Step 6: Testing data are collected and normalized.
Step 7: The feature extraction is realized by DiPCA. The testing

data are transformed into sample matrices in the same time win-
dow as the model training step.

Step 8: The trained models get the key alarm variables predic-
tion results using low-dimensional testing datasets.
4. Case Study Experiment

In this section, we use two benchmarks to verify the effective-
ness of the proposed key alarm variables prediction model, includ-
ing a continuous stirred tank heater (CSTH) model and an
industrial pre-hydrogenation model. The results of the real data
will be compared with RNN, LSTM, PCA-RNN, DiPCA-RNN, PCA-
LSTM. These methods will be evaluated for performance on the
same dataset we generated. The experiments are implemented
on a computing server with Intel Xeon Gold 5118 CPU and NVIDIA
TITAN RTX GPU.

4.1. Application on the CSTH system

The continuous stirred tank heater (CSTH) is a typical mixing
vessel in chemical processes. In 2008, Thornhill et al. [36] devel-
oped a MATLAB simulation for a CSTH pilot plant, which is dis-
played in the Fig. 4. The tank is supplied with one stream of hot
water and one stream of cold water, and heated by steam then.
The water is well mixed and therefore the temperature of the out-
let water is regarded as it in the tank. A total of five variables are
monitored in this work: cold water flow, cold water valve, tank
level, outlet temperature, and steam valve. All the measurements
are electrical signals in the range of 4–20 mA. The closed-loop sim-
ulation code can be accessed at https://personal-pages.ps.ic.ac.uk/
�nina/CSTHSimulation/index.htm. The Simulink program only
provides the structure with real disturbances under normal condi-
tions, while the simulation data under abnormal conditions needs
to be generated by users’ own modification of the program. The
CSTH model has been used as a benchmark in many studies to val-
idate the effectiveness of the method [7,37,38].

In this simple CSTH simulation model, the temperature of the
tank is chosen as the key variable for the study, because the tem-
perature would affect states of reactions in the tank largely, which
deserves a lot of constant attention as a key variable. In addition,
the temperature might have a great impact on the safety of the
tank, which would be chosen as an alarm variable in real chemical
industry plants. Two kinds of abnormal cases are designed and
investigated as shown in Table 1. Fault 1 stands for the step drop
in the tank level, and the control loop would make the cold water
valve and steam valve increase and recover, which could result in
the abnormal changes in the key variable of the temperature in the
tank. Fault 2 represents the instantaneous increase in outflow,
which would make the level gradually low. And it in turn will
affect the key variable of the temperature in the tank.

In order for the proposed method to learn the dynamic charac-
teristics of the model, small fluctuations are introduced in the first
2000 samples when simulating the two abnormal states. The data
under two abnormal conditions is divided into a training dataset
and a validation dataset, with the training data set consisting of
2000 samples and the validation data set consisting of 400 sam-
ples. In both abnormal cases, the fault is introduced after 2100
samples of normal operation. Fig. 5 shows the variation of each
variable under various conditions.

The hyper-parameters chosen for the proposed method are
described as follows. According to the proposed method, the top
3 important dynamic principal components of the 5 variables are
extracted using the method of DiPCA. And 90.5% data variation is
explained by the 3 principal components. The following neural net-
work structure is designed and selected, containing two hidden
layers of LSTM with 64 nodes and one fully connected layer to
obtain the predicted values of the key variable of the temperature
in the tank. The target of the model is to predict the changes of the
key variable under abnormal conditions (10) samples in advance
using previous 30 samples, with the expectation that the key vari-
able could be determined in advance if they exceed the threshold
and thus preventive measures could be taken.

Fig. 6 illustrates the performance of the key variable forecast
method proposed in this work under two failure conditions. Under
Fault 1, the step-down in level rapidly increases the cold water
flow because of the control loop, and gradually regulates tempera-
ture and level by the stream valve, resulting that the temperature
in the tank will have an abnormal drop. Similarly, the temperature
in the tank rises abnormally after the introduction of the fault
under Fault 2. Under both faults, the method could predict changes



Fig. 3. The flowsheet of the proposed key alarm variables prediction method.

Fig. 4. The continuous stirred tank heater [36].

Table 1
Abnormal cases in the CSTH

Fault number Description Type

1 Tank level Step drop
2 Outflow Step increase
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in key variables accurately 10 samples ahead after the introduction
of the fault at the 2100th sample.
4.2. Application on industrial pre-hydrogenation instance

The data collected in a pre-hydrogenation zone of a petrochem-
ical company, which is located in front of the refined oil reforming
zone, is used for applications. The propose of the pre-
hydrogenation zone is to reduce the content of sulfur in petroleum
by the reaction of hydrogen and naphtha for environmental
protection.

The system selected in the experiment is the reaction system of
the pre-hydrogenation zone. Fig. 7 is a schematic diagram of the
overall process framework of it. The main instruments include
storage tank V101, combustion furnace F101, reactor R101 and
high sub-tank V102. The naphtha and hydrogen stored in V101
are mixed into hydrogen combustion furnace F101 and heated to
279.8 �C into R101. After the layer-by-layer reaction, it leaves the
reactor and enters V102 to separate the unreacted hydrogen from
the reacted naphtha. The hydrogen returns to the heating furnace
again. After the reaction, the naphtha is collected and enters the
refining system of the pre-hydrogenation zone.

Variables are selected combined with chemical engineering
principles and reaction processes in advance. The relevant vari-
ables are shown in Table 2. Among the 11 selected variables, the



Fig. 5. The time series data of variables of CSTH: (a) under normal condition, (b) under Fault 1, (c) under Fault 2.

Fig. 6. Key variable forecast results 10 samples ahead and true changes: (a) under Fault 1, (b) under Fault 2.

Fig. 7. Pre-hydrogenation reaction zone.

Table 2
Selected variables of pre-hydrogenation reaction zone

Number Description Number Description

1 V101 level 7 F101 fuel gas volume
2 Pre-hydrogenation feed 8 Bed temperature of

reactor
3 F101 output temperature 9 Bed temperature of

reactor
4 F101 fuel gas pressure 10 High sub-tank pressure
5 F101 radiation

temperature
11 High sub-tank level

6 F101 negative pressure
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seventh variable F101 fuel gas volume is selected as the key alarm
variable.

The values of the above variables are measured every-three
minutes, and each variable has more than 10000 measured values.
The measurement of the key variable, F101 fuel gas volume, is
shown in Fig. 8.

Chemical engineering process could be a complex nonlinear
process, which may refer a great deal of variables, physical pro-
cesses and chemical processes. In order to reduce the impact of
noisy data, it is necessary to make use of data smoothing methods
before the experiment. Moving average, one of data smoothing



Fig. 8. Measurement data of fuel gas volume.

Table 3
LSTM model candidates for variable prediction of the pre-hydrogenation process

Model Architecture

Model 1 LSTM (128)
Model 2 LSTM (64) – LSTM (32)
Model 3 LSTM (64) – LSTM (16)
Model 4 LSTM (64) – LSTM (8)
Model 5 LSTM (32) – LSTM (16)
Model 6 LSTM (32) – LSTM (8)
Model 7 LSTM (16) – LSTM (8)
Model 8 LSTM (64) – LSTM (16) – LSTM (8)
Model 9 LSTM (32) – LSTM (16) – LSTM (8)

Table 4
Prediction errors of different architectures

Model Absolute error/m3�h�1 Relative error/%

Model 1 0.89 0.11
Model 2 2.15 0.26
Model 3 0.84 0.10
Model 4 0.70 0.08
Model 5 0.80 0.10
Model 6 0.71 0.09
Model 7 1.71 0.21
Model 8 3.61 0.44
Model 9 1.03 0.12
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methods, is applied in the preprocessing of chemical process data,
which makes the process data smooth with keeping the original
data information to an extreme.

In order to compare the degree of data change and information
loss, it is inevitable to use information theory to deal with it. Infor-
mation entropy expresses the uncertainty of data in the form of
value, which is used to measure the amount of information. For a
random variable X, p(x) represents the probability that vari-
able X takes the value x. And the information entropy H(X) of ran-
dom variable X can be expressed as [39]:

H Xð Þ ¼ �
Z

p xð Þ lg p xð Þdx ð17Þ

Random variable X with large information entropy may have
more uncertainty and information to a certain degree. On this
basis, in order to measure the relationship between two sets of
variables, mutual information entropy is introduced. The value of
mobile window is selected as 11 by mutual information.

H Xð Þ ¼ �
Z

p xð Þ lg p xð Þdx ð18Þ

I X; Yð Þ ¼ H Xð Þ � H XjYð Þ ¼ H Yð Þ � H YjXð Þ ð19Þ
Fig. 9. Plotting PCA of features extracted by DiPCA.
4.2.1. Feature validity verification
Plotting PCA is a method which could visually display data in a

two-dimensional figure by extracting two dimensions of multi-
dimensional data with PCA. Plotting PCA method is used to verify
the effectiveness of the features extracted by DiPCA method.

In Fig. 9, each point represents one training principal compo-
nent, and the color of each point from blue to red represents the
value of fuel gas volume. The abscissa of points in Fig. 9 represent
the first principal components extracted by PCA method, which
describe the principal components straightway. It could be
obtained that as the abscissa of points varies from negative to pos-
itive, the color changes from blue to red, which means the value of
target variable increases. From the above results, there should be a
positive correlation between the principal components extracted
by DiPCA and the training targets. Such results have initially veri-
Table 5
Structure settings of RNN, LSTM, PCA-RNN, PCA-LSTM, PCA-BiLSTM, DiPCA-PCA,
DiPCA-LSTM for key variable forecast of industrial pre-hydrogenation instance

Model Feature extraction Structure

RNN — RNN: 11 ? 64
RNN: 64 ? 8;
Linear: 8 ? 1

LSTM — LSTM: 11 ? 64;
LSTM: 64 ? 8;
Linear: 8 ? 1

PCA-RNN 11 ? 5 RNN: 5 ? 64;
RNN: 64 ? 8;
Linear: 8 ? 1

PCA-LSTM 11 ? 5 LSTM: 5 ? 64;
LSTM: 64 ? 8;
Linear: 8 ? 1

PCA-BiLSTM 11 ? 5 BiLSTM: 5 ? 64;
BiLSTM: 64 ? 8;
Linear: 8 ? 1

DiPCA-RNN 11 ? 5 RNN: 5 ? 64;
RNN: 64 ? 8;
Linear: 8 ? 1

DiPCA-LSTM 11 ? 5 LSTM: 5 ? 64;
LSTM: 64 ? 8;
Linear: 8 ? 1



Table 6
Prediction errors of different models

Model Absolute error/m3�h�1 Relative error/%

RNN 1.54 0.19
LSTM 2.05 0.25
PCA-RNN 1.38 0.17
PCA-LSTM 1.75 0.21
PCA-BiLSTM 1.47 0.18
DiPCA-RNN 1.48 0.18
DiPCA-LSTM 0.5662 0.07
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fied the effectiveness of DiPCA in chemical process variable
forecast.
4.2.2. Network architecture optimization
It is a common issue that there is no scientific guidance for

designing an optimal LSTM architecture for a certain problem. In
order to find a proper model, several LSTM models are tried in
our experiments, the architectures of which are shown in Table 3
[5]. Then an architecture with the most outstanding prediction
performance was selected from Table 3. Parameters of the selected
architecture were studied through experiments. The parameters
mainly contain the number of hidden layers and the numbers of
neurons in each layer.

In the following, Model 4 is explained as an example. Here we
use two LSTM hidden layers with 64 neurons and 8 neurons. These
models were studied through experiments, and each model was
trained to predict the key chemical process variable 15 min ahead
with principal components data extracted by DiPCA. The prediction
errors of each model are summarized in the Tables 4 and 5.

In the light of the Table 4, prediction results could be related to
the structure of model, and too simple or too complex model may
not obtain satisfactory prediction results. For example, a LSTM
model with three hidden layers may be too complicated for the
pre-hydrogenation process in the experiments, or more training
Fig. 10. Key variable prediction results of the model of (a) PCA-RNN,
data and training time may be imperative. Forecasting errors and
the trend of prediction results were evaluated comprehensively,
and the Model 4 with two hidden layers is selected as the best
architecture for the pre-hydrogenation process.

4.2.3. Performance of key variable forecast
In order to verify the effectiveness of the model proposed in the

paper, 7 methods are used in the experiments. Two typical struc-
tures, simple RNN layers and LSTM layers, are used in models. Orig-
inal data, principal components extracted by PCA and DiPCA are
applied to the models. The hyper-parameters we choose for differ-
ent methods are described as following Table 5.

The models are trained to predict the key chemical process vari-
able 15 min ahead. The prediction errors of each model are sum-
marized in the Table 6. It could be easily found from the results
that the DiPCA-LSTM model has the smallest prediction errors.
The key variable prediction results of various methods are dis-
played in Fig. 10. From the intuitive view of the prediction results,
the proposed DiPCA-LSTM model show the best results than other
methods.

4.2.4. Time intervals in advance
To verify the performance of the DiPCA-LSTMmodel at different

time advances, the Model 4 with two LSTM layers is chosen in the
experiments. The model is trained to predict the key chemical pro-
cess variable 9, 15 and 21 min ahead respectively. The prediction
results of different time intervals in advance are shown in Fig. 11.

From the prediction results, it could be found that the forecast-
ing results of the different three intervals in advance can accurately
describe changes in real data to some extent. The prediction errors
of the three methods are summarized in the Table 7. It could be
found that the model with 9 min in advance has the smallest pre-
diction errors and the prediction errors would increase when the
prediction interval ahead enlarging. It would be a challenging
problem that how to predict process variable more accurately a
long-time interval beforehand.
(b) PCA-LSTM, (c) PCA-BiLSTM, (d) DiPCA-RNN, (e) DiPCA-LSTM.



Fig. 11. Key variable prediction results: (a) 9 min ahead, (b) 15 min ahead, (c) 21 min ahead.

Table 7
Prediction errors of different time intervals ahead

Prediction interval/min Absolute error/m3�h�1 Relative error/%

9 0.68 0.08
15 0.78 0.09
21 1.04 0.13
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4.2.5. Model validity analysis
In order to understand the advantages of the model of DiPCA-

LSTM in key process variable prediction, we analyze the effective-
ness of the model from the perspective of principal components.

In this work, 5-dimensional principal components were
extracted from the samples in the training set by PCA and DiPCA,
and the changes are shown in the Figs. 12 and 13.

Fig. 12 show the principal components extracted by DiPCA, and
Fig. 13 show them extracted by PCA. The trends and ranges are
mainly concerned, which might play an important role in the fore-
casting process. For principal components extracted by DiPCA, each
principal component has a change trend to a certain extent. For
principal components extracted by PCA, only the first principal
component has an obvious change trend.
DiPCA is designed to extract the principal components with the
largest self-correlation in the original data, and PCA is proposed to
extract the principal components with the largest variance. It could
be found that each principal component extracted by DiPCA may
contain certain dynamical information, while only the first princi-
pal component extracted by PCA contain most dynamical informa-
tion. Then it could be explained that the prediction results of PCA
fluctuate slightly mainly based on the change of the first principal
component. And it also can be comprehended that the prediction
of DiPCAmay performwell because each principal component con-
tains dynamical information. The effectiveness of the proposed
method could be explained by the principal components extracted
by DiPCA.
5. Summary and Outlook

In this work, a novel DiPCA-LSTM prediction method is pro-
posed for key alarm chemical process variables prediction. The
most predictive principal components of process variables are
extracted from high-dimensional data by DiPCA and then com-
puted by LSTM models to get the key alarm chemical process vari-
ables prediction results. The key alarm chemical process variables



Fig. 12. Principal components extracted by DiPCA.

Fig. 13. Principal components extracted by PCA.
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prediction model is trained by historical data offline and used for
the key variable prediction online.

The proposed method is applied on a simulation CSTH and a
pre-hydrogenation zone of a petrochemical company. The trend
of fuel gas could be effectively predicted as an example in the
pre-hydrogenation model. A LSTM model is selected by network
architecture optimization. The MSE is defined as error function to
evaluate the prediction results of different models. The relative
error of the proposed model for the chemical process variable pre-
diction 15 min in advance is 0.07%. In addition, the changes of prin-
cipal components extracted by PCA and DiPCA are studied to
understand the advantages of DiPCA-LSTM method in key process
variables prediction.

This method is dependable as the basis of chemical process
variables prediction when confronting chemical process histori-
cal data. However, the method does not perform well in a
long-term process variables predictions. To overcome this obsta-
cle, more efficient feature extraction techniques and neural net-
work structures will be investigated in the near future. It is
worth trying to integrate transformer structure to chemical pro-
cess variables prediction methods or to use attention to extract
efficient feature.
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