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Dear Editor,

This letter presents an improved LSTM(Long Short-Term Memory) method
based on parameter adaptation technology, which focuses on predicting the
waste gas content in the oxidation unit of PTA(Purified Terephthalic Acid) to
optimize energy consumption. The tail gas components that need continu-
ous monitoring in the PTA oxidation unit mainly include key gases such as
oxygen, carbon monoxide, and carbon dioxide. Particularly, the oxidation
reaction of PX(P-Xylene) in the PTA oxidation unit consumes a significant
amount of energy. Abnormal concentrations of these gases may lead to
excessive energy consumption or decreased process efficiency. However, by
accurately predicting abnormal changes in gas content ten minutes ahead of
time, factory operators can dynamically adjust energy consumption in a
timely manner, ensuring efficient energy utilization.

Traditionally, prediction models rely on manually determined autoregres-
sive coefficients for prediction. However, in actual industrial environments,
data characteristics vary significantly across different time periods, locations
and operating conditions. If manual determination of autoregressive coeffi-
cients is required for each prediction task, it undoubtedly increases the
complexity and cumbersome nature of the application. To address this chal-
lenge, this paper innovates on the basis of the original LSTM model by incor-
porating parameter constraint control mechanisms of the AIC(Akaike Infor-
mation Criterion) and BIC(Bayesian Information Criterion)," achieving adap-
tive adjustment of autoregressive coefficients. This improvement enables the
proposed model to more effectively adapt to datasets from different loca-
tions and operating conditions, significantly enhancing the model applicabil-
ity and prediction accuracy.

The early warning system applying the method proposed in this paper has
demonstrated remarkable effectiveness in optimizing energy use, reducing
unnecessary energy consumption, and improving overall operational effi-
ciency. Tests conducted on multiple gas-related datasets show that the
prediction accuracy of this proposed method surpasses other methods,
making it an effective tool for reducing energy consumption in PTA produc-
tion.

The PTA oxidation device tail gas content data set is a univariate time
series data set. For time series prediction problems, as the accumulation of
time series data increases and the data dimension grows, its research meth-
ods are also continuously improved. There are currently four major cate-
gories of methods: traditional time series modeling methods, analysis meth-
ods based on time series decomposition, machine learning-based methods,
and deep learning-based methods.

The traditional time series forecasting method is mainly based on deter-
mining the time series parameter model, solving the model parameters, and
using the solved model to complete future prediction work. The ARIMA (Auto-
Regressive Integrated Moving Averages) is a widely used statistical method
for time series forecasting. There are many improved algorithms based on
the ARIMA, such as the SARIMA(Seasonal Autoregressive Integrated Moving
Average).”

The time series decomposition method has always been a very useful
method in time series analysis, which believes that a time series is often the
superposition or coupling of long-term trends, seasonal changes, cyclic fluc-

tuations and irregular fluctuations. A typical time series decomposition
method was Facebook's open source Prophet model, which decomposed the
time series into the sum of trend items, seasonal items (weekly or monthly),
holiday items, and noise items.

There is a close connection between the work of time series data forecast-
ing and regression analysis in machine learning methods. Machine learning
algorithms are mainly divided into the following categories according to their
implementation methods: the SVR(Support Vector Regression),” the
GBRT(Gradient Boosting Regression),” and the HMM(Hidden Markov
Models).”

Deep neural networks construct past time series feature representations
through multiple nonlinear layers to learn the internal change patterns of time
series. For different application scenarios, the hidden layer in deep learning
adopts different implementation forms, and thus uses different neural
network architectures for implementation, which are mainly divided into the
following categories: methods based on convolutional neural networks,”
methods based on recurrent neural networks,” methods based on self-atten-
tion networks,” methods based on graph neural networks,” and methods
based on residual fully connected networks. "

Previous related research has shown that forecasting speed and efficiency
are evolving from traditional time series forecasting methods to deep learn-
ing methods, especially when combined with self-attention networks, thereby
improving time series forecasting capabilities. However, actual prediction
application scenarios place higher requirements on prediction methods. The
proposed method in this letter can automatically determine the autoregres-
sive coefficient based on various types of gas data, and can quickly adapt to
changes in the data set caused by changes in point locations and gas types
to be monitored. At the same time, the prediction effect of this proposed
method has significant advantages on such small data sets.

For the prediction of the exhaust gas content of the PTA oxidation device,
the parameter adaptive LSTM model can be used to predict effectively vari-
ous exhaust gas data. Parameter adaptive LSTM model training includes four
stages(Figure TA): Stages 1-3 perform data preprocessing such as data
cleaning, analyze the characteristics of the data set to determine adaptively
autoregressive parameters, and input the results into the LSTM model for
training. In the fourth stage, we verify the validity of the experiment by
performing cross-comparisons with multiple models and datasets. A detailed
analysis of these four stages is as follows:

Stage 1: The data preprocessing stage requires cleaning the original data
and converting it into a data format suitable for model training. The original
data is a text file transferred directly from the factory project. This file data
has two characteristics. First, the data set contains dirty data with extremely
special values. Second, the time series data of this data set is not regular.
Therefore, after reading the text file, data cleaning to remove dirty data and
interpolation processing to complete the time series data need to be
performed. The final processed dataset with no dirty data and uniform time is
the output of the first stage.

Stage 2: The parameter adaptive algorithm is used to analyze the data set
output from stage 1 to obtain the regression parameters. The parameter
adaptive algorithm proposed in this letter is a method for determining autore-
gressive parameters that fully utilizes the Akaike information criterion and the
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Figure 1. Relevant details of the proposed method (A) Process of the proposed method. (B) Summary of Ten Datasets. (C) LSTM's Experimental Parameters. (D) Accuracy of

Each Model on Each Dataset.

Bayesian information criterion. Its principle is: in the selection of a certain
range of autoregressive parameters, the values of the AIC and the BIC are
calculated for the processed data set, and the CIC is calculated using a
weighted method. Finally, the autoregressive parameter with the smallest CIC
is selected as the most suitable parameter for the dataset.

AlIC=-2xlog(L)+2xk @)
BIC = -2 xlog (L) +k x log (n) 2
CIC=0.5xAIC+0.5xBIC 3)

where L represents the likelihood function value of the model, indicating how
well the model fits the data, k represents the number of parameters of the
model (including intercept terms), and n is the sample size. When the CIC
value is the smallest, the autoregressive parameter lag is the output of stage
two.

Stage 3: The purpose of training the LSTM network is to mine the patterns
existing in time series data.First, the LSTM network is built using the PyTorch
framework. Then, the preprocessed data set is input into the LSTM network
to train the network. In each training iteration, the real values and the feature
values used for the prediction are input into the network, calculating the loss
function, and updating and optimizing the parameters of the network through
backpropagation.

Stage 4: In order to facilitate the quantification of experimental results, we
use the accuracy as the evaluation index of the model. Multiple datasets are
fed into the LSTM model and compared with the AR(Autoregressive), the
BP(Back Propagation), the RBF(Radial Basis Function), the ELM(Extreme
Learning Machines), the CNN (Convolutional Neural Network) and the
RNN(Recurrent Neural Network) models.

_IP=Tl

- (4)

ACC =
where ACC represents the accuracy of the model; P represents the output
value predicted by the model; T represents the true value at the time the
model wants to predict.

Our experiments use an Intel Core i9-13900HX CPU @ 2.20GHz, NVIDIA
GeForce RTX 4060 Laptop GPU, 16G RAM, and Windows 11 64bit. We use
Python 3.7 and Pytorch 1.10.2 to implement the algorithmic idea.

The PTA is currently mainly produced by air oxidation of PX. The typical
production process mainly includes a PX oxidation unit and a crude tereph-
thalic acid hydrorefining unit. During this process, due to the occurrence of
side reactions and incomplete reactions, the exhaust gas of the device will
contain gases such as oxygen, carbon monoxide, and carbon dioxide. For the
validity of the method proposed in this letter, we obtained 10 data sets from
the PTA oxidation plant during its operation by recording the exhaust gas
content of the plant. These 10 datasets are for three gases including oxygen,
carbon monoxide and carbon dioxide at seven points including Al2103A-1,
AI2103A-2, AlI2103A-3, AlI2104-1, AI2104-2, AI2104-3 and AI2201A(Figure
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1B).

In order to illustrate the effectiveness of the proposed method, compara-
tive experiments are conducted. By continuously adjusting parameters for
testing, the suitable model parameters are obtained(Figure 1C). The
results(Figure 1D) show that the prediction results of the LSTM model is the
best among all models. This proposed model successfully solves the chal-
lenge of making effective time series predictions for different data sets.

In this letter, we propose an innovative improved LSTM method, which
innovatively integrates a parameter adaptation algorithm with the LSTM
model and utilizes the AIC and the BIC as guidelines to achieve optimal
parameter selection for various classification tasks. The core improvement of
this proposed method lies in its automated determination of the most suit-
able autoregressive parameter based on a comprehensive assessment of
data characteristics and LSTM model parameters, a step that traditionally
required manual adjustment.

Looking ahead, we plan to conduct in-depth comparative analyses of this
research method with other advanced algorithms, such as the SOFNN-
HPS(Self-Organizing Fuzzy Neural Network with Hierarchical Pruning
Scheme), to reveal their respective strengths and limitations. Meanwhile, we
are also committed to expanding the application of the proposed improved
LSTM method in a wider range of industrial processes, aiming to explore its
more profound research prospects and practical application value, thereby
promoting technological advancements and application innovations in
related fields.
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