Autoformer and Transformer-Based Neural Networks
for State Estimation of Third-Order Liquid Level
Dynamics in Chemical Processes

Abstract

One of the important variables in chemical process industries is the liquid level. The“ehallenges of
estimating the third-order liquid level system are: the system exhibits non-linear behavior, the system has
coupled states where changes in one tank directly affect others, uncertainty where therejare unknown
disturbances, and prediction complexity. Yet, with advances in artificial inteltigence (Al)y, modeling and
estimating the liquid third-order levels has become a reality. The present wark attempts to construct an
accurate Al model to estimate the levels of third-order liquid level tanks(utilizing,the available inlet liquid
flow rate and the bottom level. In order to estimate the dynamic level'responses as a function of time for
three liquid level tanks connected in series, this article presents the trainingof several types of artificial
neural networks (ANNs): basic ANNs with different settingsfautoformer,‘transformer regression, and
attentive interpretable tabular learning (TabNet). These ANNs are trained to estimate the two unmeasured
top and middle levels using the simulated response data ofithe hottom tank's level (measured level) for
different step changes in the inlet water feed flow rateyranges from 0.1 to 3 liters/min. The findings, using
the coefficient of determination (R'), demonstrated ‘that“autoformer produces the best closed-fit
responses; R’ = 99.77% for the top-level estimation. and R' = 99.86% for the middle-level estimation.
Advanced Al techniques act as highlyteomputationally efficient surrogate models for conventional
complex models based on nonlinear gonservation “without the need for heavy computing power for
process control and optimization.

Keywords: Artificial intelligence (Al);level estimation; artificial neural networks (ANN); transformers;
machine learning

V. Introduction

Al was applied for modeling and control of a wide range of chemical engineering applications, such
as 1) modeling of the heat exchanger for steady-state outlet temperature predictions [1], 2) modeling the
non-linear relationship between the acid-base concentrations and the pH of solution [2], 3) modeling and
predictive control of'two well-mixed non-isothermal chemical reactors [3], 4) applying the MPC-ANN
techniguenfor thedevel control of interacted coupled tanks [4], and 5) many other applications [5]. The
techniques of Al for engineering processes have another application for predicting variables that do
not have ‘online sensors on which they develop models to control the process quality. Many process
variables such as temperature, pressure, level, pH, and mass flow rate can be easily measured
online. On the other hand, other variables are challenging or do not exist, depending on an offline
laboratory analysis. Therefore, an artificial neural network (ANN) was used to estimate readings
(called virtual sensors) for the non-available measurement and hence improve the process control
quality in the air-fuel system [6]. As observed by the literature. There is less work to deal with the
application of neural networks and Al for modeling and estimating levels for control purposes.



Al is an exciting, powerful mathematical tool with a wide range of applications in science and
engineering fields. Al applies statistics to produce excellent estimations of complex functions. Al is
considered a linear and/or non-linear framework based on the human brain's functions through
interconnected neurons, which can learn tasks from training experience [7]. One of the recent
advancements in Al is developing a complicated ANN that is known as a transformer [8]. The
transforms are another form of deep learning model utilized to solve complex problems, especially
in natural language processing (NLP). They are also adopted in other fields, such as time-series
prediction/forecasting and computer vision. The difference between transformers and other deep
learning algorithms, such as recurrent neural networks (RNNs), is that transformers depend mainly
on self-attention mechanisms where the entire data can be processed in parallel.“Parallelism is
significant because it solves the problem of long-range dependencies presented intraditional deep-
learning algorithms that process the data sequentially, avoiding vanishing (gradient‘problems. In
addition, transformers assign weight to the input sequence, which allews“them te capture the
contextual relationships across the entire input, which makes them effective in, tasks where the
relationships between distant elements are essential, e.g., time seriesyand sequential state
estimation problems (the problem in hand). Islam, et.al. [8] presented a comprehensive Al complex
models survey and some of their applications. They surveyedythe 'wofrk from 2017 to 2022 and
identified over six hundred models based on the transformer-architecture. The study attempted to
categorize these models for different applications. They,coneluded that models such as BERT, GPT,
and T5 are suitable for handling large NLP data§ wheteas, for eemputer vision, vision transformers
(ViTs) are great for addressing the limitations of ‘convolutional neural networks (CNNs). The study
also considered other applications, such as.audio and'speech processing.

Al has potential uses in engineeringiand science applications, including solving the following:
multivariable and non-linear processes,"medels prediction, biomedical engineering, food, solar and
energy systems, communication, materialsy and coating, prediction of mechanical properties,
material consumption rate, prediction control, reaction kinetics and thermodynamics, process
analysis and optimization, computer security, etc. [8-20]. For instance, Khadom [18] tested different
ANN designs to predict zineyconsumption rates. The authors utilized the STATISTICA 10 software to
implement the ANN madels,“which include a linear regression model, ANN, and radial basis
functions (RBF). Their experiments concluded that the best-performing modelis the ANN, which had
a structure of founinpdts, one hidden of seven nodes, and one output, i.e., for the predicted single
value. The study.indicatedthat the best model achieves a correlation coefficient of 99.46%.

Mangpadvanced cantrol techniques assume that process variables are available as measurements.
In practicephowever, it is usually impossible to measure all the variables because of the cost and
difficulties of obtaining reliable measurements. Thus, of very great importance is the estimation of
critical physical variables within a process from more easily available measurements. Examples are
the estimation of biomass in the fermentation process, gas, and chemical compositions, and
temperature inside the large metal blocks. The techniques that estimate the system’s variables are
State Observer and Extended Kalman Filter [21]. However, both techniques require developing
mathematical models and complex mathematical derivations. One of the main advantages of Al is
that it does not require the development of mathematical models. It learns system input and output
data and the sequence detected patterns. In addition, because of its great capacity to handle



discrete data and its high capacity to store data in memory, it has earned outstanding ratings for
modeling adoption [18].

The presentwork is an attemptto construct an accurate Al model to estimate the levels of third-order
liquid level tanks utilizing the available inlet liquid flow rate and the bottom level. The study compares
several ANN models, including basic ANN designs and a few transformer models. Then, it compares
and evaluates them to find the best estimating model. According to the author, no previous works
have been carried out in applying Al in predictions of large-order liquid-level systems. Such
estimation can be advantageous in the use of advanced control techniques.

Y. Methodology

A third-order liquid level system, shown in Figure 1, is considered for level,estimations using Al
models. Water supplied is fed to the top vessel, and there are two available'measurements for the
level at the bottom liquid level and water feed flow rate. The mathematical model of the system is
given in Equation (1) as follows:

dAWL1
dt
dWLZ —~_'\\‘\ . N WL1 V_\‘h
= e —aaa w2 1% u (1)
dt ~ LA —ovaA/ N3 ~

dWL3
dt

where WL1; WL2; WL3 are the levels; top, middle, bottom and u is the water feed flow rate
respectively. The constant coefficients 'shown in‘Equation (1) (e.g., -0.631, 0.615, 3.19) are lumped
parameters that model the relationship between the tank cross sectional areas and the valve
resistance coefficients. The datasseswas generated from a steady state condition where all levels
were set to zero. The differential gquations were solved for the simulation time using a fixed
integration step size of At = “.¢,seconds with a numerical integration method (e.g., Runge-Kutta 4th
order).
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Figure 1. Schematic diagram of the third-orderiliquid level system
Y,Y. Basic Artificial Neural Network (ANN)

The first experiment to predict the firstitwo water levels (i.e., WL1 and WL2) using the third water level
(i.e., WL3) and the water feed flow rate\i.e., u) to, use different designs of the basic ANN. In this
experiment, three different ANN architectures are trained and tested.

Figures 2 illustrate the three.architectures‘ofbasic ANN. Figure 2 (a) shows the first architecture (A1)
where only one hidden layeris used. On the other hand, Figure 2 (b) gives the second architecture
(A2), which includes threg€'hidden layers. A2 is considered deeper, and that is designed to see the
effectiveness of adding hidden'layers to the design. Lastly, the third architecture (A3) is given in Figure
2 (c). A3 is the deepest designiwith seven hidden layers. These three architectures have different
settings, such asithe optimization algorithm. These settings are listed in Table 1.

Table 1. Parameter,settings for the three ANN architectures (A1, A2, and A3)

Settings A1 A2 A3

Data normalization Min-max Min-max Robust Scaling

method normalization normalization

Optimization Adam Stochastic gradient Adam

algorithm descent (SGD)

Error function Mean Square Error Mean Square Error Mean Square Error
(MSE) (MSE) (MSE)

Learning rate ) ) o)

Epochs AR AR AR




The hyperparameters in Table 1 were not selected randomly — they were actually chosen. Instead,
they are the individually optimized settings that must be used to converge each particular network
depth. For example, Robust Scaling is needed for network A3 to avoid vanishing gradients and a
higher learning rate is needed.
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Figure 2. Three ANN architectures: (a)
(c) A3 with seven hidden layers. First

idden layer, (b) A2 with three hidden layers, and
or the inputs, i.e., WL3 and u, whereas the last layer is
,i.e., WL1 and WL2

The different architectures us see how different settings affect the outcome of the
predictions. In the resu io ey will be compared to see if they are sufficient to solve the
problem of this stud of this test will be graphical (showing the results in a graphical form)
and measured wit cient of determination regression score function (r2_score). The

r2_score function is c ed using Equation (2) as follows:
RSS
R' =) — — (2)
TSS

Where s the coefficient of determination, RSS denotes the sum of squares of residuals and TSS
gives the total sum of squares.

Y,¥. Transformer Neural Networks

This section explains the transformer models tested and compared in this study, starting with the
autoformer, then the transformer regression, and then the attentive interpretable tabular learning
(TabNet).



2.3.1. Autoformer

The autoformer [YY] is an adaptation of transformer architecture, especially transformers used for
time series forecasting. Although traditional transformers are powerful, they might not be suited for
time series forecasting because they primarily focus on all input features simultaneously. This focus
might lead to overfitting and inefficiency when handling continuous time series data. The autoformer,
on the other hand, separates the input into trends and seasonal components in blocks. This allows
the model to capture the temporal patterns effectively. In terms of liquid level dynamics, the "trend"
is the long-term tank volume change, which is a steady process at low frequencies. The'"seasonal"
component represents the high frequency, immediate, transient and coupled dynamic responses
which happen on a moment-to-moment basis after a step-change in the feedvalve.

The autoformer structure, as shown in Figure 3, is similar to original transformers,where'it consists
of an encoder and decoder; however, the autoformer is modified to handle sequential data. Each
encoder contains self-attention and a feedforward network to handle the sequential input. At the
same time, the decoder layer is used for cross-attention to integrate what cemes from the encoder
and predict future values. The decoder consists of corporate the autae-correlation and series
decomposition blocks, as well as feed-forward layers.
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Figure 3. Autoformer structure [YY]

Based,on the structure given in Figure 3, the autoformer is well suited for the problem in hand with
the time seriestgiven u and WL3 as input and predicts the future sequence of WL1 and WL2. By
decompoesing the data into trends and seasonal parts, the model can easily learn generalized data
representations and accurate predictions.

Y,¥,Y. Transformer Regression

As can be seen in Figure 4, the transformer regression model implements a transformer-based
regression architecture proposed by [23], and it is adopted for what is called sequence-to-sequence
learning tasks. It fits problems in certain input sequences and predicts some output sequences. The
transformer uses self-attention layers for dependencies in sequential data. Again, the transformer
handles the sequences in parallel, which will be able to improve the training and focus on the long-



range dependencies. The proposed model consists of an encoder and a decoder. The encoder plays
an important role when it processes the input through multiple layers; those layers utilize self-
attention and feedback networks in which they allow each element to attend to each other. However,
the decoder is responsible for generating predictions out of the encoder output as well as the
previous steps of the target sequence. A multi-head attention model is also utilized to attend to
different parts of the input sequence. This allows the transformer to capture complex patterns and
relationships. The self-attention mechanism allows handling sequential data, which could be useful
for time series forecasting and structured prediction.
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Figure 4. Transformer regression structure [23]
Y,¥.¥hAttentive Interpretable Tabular Learning (TabNet)

The TabNet model, shown in Figure 5 [24], is similar in structure to the transformers employing the
deep learning architecture designed for tabular data. The model combines interpretability with high
performance. It utilizes a sequential attention mechanism to be able to focus on different features
within each decision step. Therefore, it provides feature selection interoperability through multiple
stages. Based on this architecture, the model is suitable for structured data, like the problem at
hand. With its differentiable structure, the TabNet model enables integration with deep learning
frameworks such as PyTorch. This also makes it adaptable to regression and classification. Many
decision steps are included in the TabNet structure, where each step uses a learned attention
mechanism for processing a subset of features. Therefore, with repeated processes, the model



builds a comprehensive understanding of the data patterns. Furthermore, the model has sparse
feature transforms for the purpose of developing complex non-linear relationships.
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Y. Results and discussion

This section explains the dataset used,shows the results of using the basic ANN models, and
compares those results against the compleximodels explained in the previous section.

¥,). Dataset

The dataset used for training and,testing the Al techniques is generated using Equation (1). Since all
this data comes from asnumerical simulation, and not a physical experimental configuration, all
subsequent evaluations, shew_how well the Al can serve as a surrogate model for the underlying
math. Generally,/Al techniquesirequire large data to be trained more accurately, and for that reason,
different values\of u havesbeen used to generate as much data as possible. Specifically, the value of
u started from 0.T'andds incremented by 0.1 accumulatively untilitreaches 3.0. Each change in value
generates data instances of more than a hundred records. As a total, 4110 instances are collected
and stored.asthetraining and testing data of the Al methods. Table 2 gives statistics on the generated
dataset..The 4,110 rows are along sequential step changes; hence the points are autocorrelated.
These models were chosen, in particular, for their capability to capture such temporal correlations
and long-range dependencies, such as Transformers and deep ANNs.

Table 2. Generated dataset for Al training and testing.

Number of columns

Item Value
Number of instances AR
o

Columns names

Time, WL1, WL2, WL3, and u




Inputs to be used

WL3 andu

Outputs to be predicted

WL1 and WL2

WL1 (std, min, max)*

£YNY, V6 10,0

WL2 (std, min, max)*

£,807 +,014 1o,TV0

WL2 (std, min, max)*

§,VE0 Y VTN

u (std, min, max)*

GATO Y el T

* std, min, and max denotes standard deviation, minimum value, and maximum value.

¥,Y. The Three ANN Architectures and Evaluation Results

After executing the three explained ANN designs, results are compiled and illustratedsin Figure 6.
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Figure 6. Results of the three ANN designs, (a) tesults ofAd, (b)results of A2, and (c) results of A3
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According to the demonstration given in Figure 6, all'designs have slightly similar results. The red
color dots are for the actual data, whereas the blue'color dots are for the predicted values. For this
comparison, both predicted values (WL1 and WL2) are under the same color. This is also true for
the input values (WL3 and u). However, after careful observation, the results show that A3 is the best
compared to the other two after usingk2_score function. The coefficient of determination (R') for
each design across each of the outputs is listed in Table 3. Among the models, model A3 had the best
accuracy score, while model’/A2 (3*hidden layers, R2 = 94.90% for WL1) had a lower accuracy score
than model A1 (1 hidden'layer," R2 = 96.18% for WL1). This is suggesting that depth alone is not
enough to perform well, mest prebably because of optimization problems (e.g. using SGD rather than
Adam for A2). Thus,the deeperinetwork with a proper tuning gives optimal performance, if the depth
of the architectureris‘'matched with the optimal solvers and learning rates.

Table 3. Cofmparisen of different ANN designs in terms of R? for each predicted value

ANN\Design R? for WL1 R? for WL2
A1 A,V A/ 7,
A2 a¢,9+.7 aT,ve/
A3 AN, YT AN, 07

In order to see the performance of the A3 model, the prediction results for WL1 (left) and WL2 (right)
are given in Figures 7, 8, and 9. Figures 7, 8, and 9 respectively show the predictions for u set as 0.5,
1.5, and 3.0. The model's prediction performance seems to be less accurate early on, but then it
becomes closer to the actual value in higher values.
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Based on the results explained in this section, a more complex model may be needed for the data of
this research.

¥,¥. Transformers’ Settings and Evaluation Results

The autoformer model used in this paper contains many hyperparameters to control the model
performance. For instance, the input dimension (input_dim = 2) where the input contains two
parameters (U and WL3). Also, the output dimension (output_dim = 2) is set to 2 due to two inputs
(WL1 and WL2). At the same time, the embedding dimension (d_model = 128) isySet to 128,
representing the space size the input and output features could be projected. The embedding
dimension is used based on the experimental results where alarger d@model increases the
computational cost.

In addition, the attention heads (head = 4) are set to 4, enhancing the moadel's‘capability to capture
the temporal patterns and focus on different aspects of the input sequence simultaneously. Both
the encoder and decoder are designed with two layers to balance between the;model complexity and
computation. Similarly, the feedforward network was designed with) a dimension of 256
(dim_feedforward = 256). Consequently, the drop rate is set to 0.fy(dropeut=0.1) to reduce overfitting
and prevent the model from depending on a single feature,

Also, in transformer regression, the parameters are set as follows: the input and output dimensions
are set to 2, matching the input and output features found in,the data. The hidden dimensions are
also set to 128 with 4 attention heads innaddition“to two layers for the encoder and decoder,
respectively. Moreover, the feed-forward networkadimension is set to 256 with a dropout rate 0.1 for
overfitting prevention. The number of epochs is'set to100 using Adam optimizer with a learning rate
of 0.001. The decoder input is zero-initialized forthe training process, which is usually suitable for
sequence prediction models and target variables that are unknown in the first step.

In TabNet, the pytorch_tabnetlibranyis utilized, where itis designed for tabular data. The training data
represents 80% of the data, and thetesting data is considered 20% of the data. Features are also
standardized with StandardScaler,’ preventing any feature from dominating the model. The
dimentialaity of the decision prediction layer and the attention layer are both set to 8, while the
number of decision 'steps’is setto 3. The relation factor and the number of independent Gated Linear
Units (GLU) layers at'each stepare set to 1.3 and 2, respectively. In addition, the number of shared
Gated LinearUnits (GLU) at each step is set to 2. Moreover, the model is trained with 100 epochs,
and the batch size'isiset to 32 with a virtual batch size of 16.

The transformer models, i.e., autoformer, transformer regression, and TabNet are compared the
same way.the ANN models are compared. Figure 10 illustrates the difference between the predicted
values and’actual values for both water levels. Figure 10 (a) shows the autoformer, (b) illustrates the
transformer regression performance, and (c) gives the predictions for the TabNet.
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Figure 10. Results of the three transformer models, (a) results of autoformer, (b)results of
transformer regression, and (c) results of TabNet

The R" for each transformer model across each of the predicted outputs afe givenyin Table 4. This
comparison is used to find which of the transformer models is the best.

Table 4 comparison of different transformer models in terms of R? for each predicted value

Transformer Model R? for WL1 R% forWL2
Autoformer aq,vv/ 9,An 7
transformer regression AT,AAL AY,ay7
TabNet 49,YV7 99,0Y7

According to the results of Table 4, it can,be cancludedsthat the autoformer achieves the best
performance. Thus, it will be studied furtherby eheckingthe predictions across different u values.
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Figure 13. TabNet predictions where u = 3.0.

The results of the autoformer for both WL1 (left) and WL2 (right) predictions are illustrated in Figures
11, 12, and 13.{In ordenta’illustrate the performance in predicting the water level values, different
values of ufare given, i.e., 0.5, 1.5, and 3.0. Figure 11 shows the predictions made compared to the
actualwaluesyfor ybeing 0.5. Figure 12 gives the same illustration but for u being 1.5. As for a large
value of thew, theresult is shown in Figure 13.

Figure 14illustrates the difference between using the best basic ANN models (i.e., A3) and the
transformer model that achieved the best results.
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Figure 14 Difference between the best transformer model (i.e., autoformgr) given in (a) and’the best
basic ANN model (i.e., A3) given in (b)

The comparison shown in Figure 14 clearly shows the advantage of usingla complicated Al model
such as the transformer over a basic deep ANN model such as A8. Alse, after calculating the R? for
this transformer model shown in Figure 14 (a), 99.77% is achieved forpredicting WL1 and 99.86% is
the result of predicting WL2.

In addition, considering the physical consistency.ofithe Al models (Figures 7-13), indicates that the
forecasted tank levels are consistent with theilknown physical properties of the system, as they are
always non-negative and have the right scale for theuinlet flow rate, which shows their ability to learn
the system's capacity limits and boundary conditiens from the training data distribution. In terms of
computation, after they are trained, the forward pass (inference) of these neural networks requires
simple matrix multiplications that/only take milliseconds. These Al surrogate models are particularly
well suited for online state €stimation in,advanced process control because of this fast execution,
which is much more efficientthan thelexecution of complex numerical differential equations (NDEs)
online.

¢. Conclusion

This paper compared three different artificial intelligence (Al) strategies: autoformer, transformer
regression, and attentive interpretable tabular learning (TabNet) for model prediction. The main
motivation was to investigate nonlinear behavior, an unavailable measurement that makes control
designdifficult.“Different Al techniques have been used in this study and investigated to estimate the
levels ofiafthird=order liquid-level system. The available simulated response data of one level were
used to train the ANNs to estimate the other unmeasured levels. The comparisons between the
predicted and actual levels of responses showed excellent agreement with the generated data using
an autoformer model with a coefficient of determination (Rr) ranging 99.77% - 99.86%. Based on the
results, it can be used as a computationally efficient surrogate model for process control and
optimization, to approximate complicated and nonlinear mathematics with little online
computational cost. The future work of this paper is to try different types of complex levels to predict
with more input variables and multiple outputs.
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