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Abstract
Propylene is a crucial intermediate in petrochemical synthesis, which requires high purity. This study details the crea-
tion of a soft sensor model for continuous monitoring of propylene levels in a propane/propylene splitter refinery facil-
ity. The data obtained from the plant of the input variables are processed using different pre-processing methods. Soft 
sensor models of neural networks with multilayer perception (MLP) and neural networks with long short-term memory 
(LSTM) were created using the Python programming language. During the development of the MLP model, various 
hyperparameters were tested, including the number of neurons in the hidden layer and the impact of the activation func-
tion type on the model’s quality. Similarly, when developing the LSTM model, the number of LSTM units and the number 
of time steps into the past were also examined. A statistical analysis of the findings was performed, which revealed that 
both model types give strong correlation values between model data and real data of propylene content and that both 
neural network model types may be used in the refinery information system.  The use of developed soft sensors guaran-
tees that propylene content information is always up to date and continuous, allowing for fast responses to changes in 
propylene content for enhanced process management. The soft sensors improve the end product’s quality and can result 
in considerable cost savings.
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1.	 Introduction
Soft sensors

Many processes and plants struggle to measure crucial 
process variables on a continuous and reliable basis. The 
process control of such processes is based on laboratory 
analysis, which is frequently uncommon and time-con-
suming, and the cost of using and maintaining online ana-
lyzers can be exceedingly expensive. For these reasons, 
there is a need for the development and use of intelligent 
software that can continuously monitor various physico-
chemical properties and process variables. Using soft 
sensors, it is feasible to determine the state of difficult-
to-measure variables from easily measurable secondary 
variables like temperature, pressure, and flow by identify-
ing their functional correlations. [1]. The creation of soft 
sensors in the field of process engineering necessitates 
expertise from several scientific fields, as well as a mix 
of scientific research and plant experience.  Soft sensors 
enable process engineers to analyze process variables and 
circumstances that cannot be monitored in real time and 
utilize them to improve process control.  The problem of 
not being able to measure product properties in real time 
is due to several reasons, such as the fact that refineries do 
not have enough process analyzers installed in the plant 
itself because they are very costly to install and maintain, 
or that for some variables, such as chemical reaction con-
versions, there is no possibility of direct measurement at 
all. In process engineering, it is therefore highly desirable 
to use such software estimators in the areas of process 
control and management, fault detection and process di-
agnostics, instrumentation and measurement, where the 
need for measuring devices is reduced and measuring 
devices are replaced. [2] Given the frequency of failures 
and maintenance requirements as well as the high cost 

of online analyzers used for continuous measurement of 
propylene content, it is necessary to develop a model for 
continuous assessment of propylene product content in a 
propane/propylene splitter production plant.

Soft sensor models are divided into three basic categories: 
white-box models, also referred to as “mechanistic”, “an-
alytical” and “fundamental” models, gray-box models, 
also referred to as “semi-analytical” and “hybrid” mod-
els, and black-box models, also referred to as “empirical” 
models. [3] Black-box models depend exclusively on col-
lected data, whereas white-box models utilize theoretical 
knowledge of the process. [4] Gray box models combine 
black and white box models to address issues; that is, their 
construction uses theoretical knowledge of the process in 
conjunction with data obtained from the process. [5] For 
the purpose of this study, black-box models were creat-
ed, i.e., models of neural networks with multilayer per-
ceptions and neural networks with long-term short-term 
memory. The term ‘black box’ refers to a model in which 
it is not necessary to know the nature of the process itself. 
Instead, the model is constructed solely by identifying the 
functional connection between the input and the output of 
the process. [6]

The general process of developing soft sensor models in-
cludes data collection, pre-processing and model develop-
ment. During data collection, the availability and quality 
of the data is important as it forms the basis for all subse-
quent steps. In the model development phase, theoretical 
knowledge of the process, such as physical principles, re-
action equations, etc., can facilitate the selection of input 
variables and data pre-processing. [2] Additional informa-
tion from operators and maintenance specialists can aid 
in creating a soft sensor. After collecting data, it is neces-
sary to preprocess it, which includes procedures such as 
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data visualization, identification of extreme and missing 
values, and data filtering. Outliers were identified by ap-
plying the 3σ rule when preparing this paper. It is a fun-
damental concept in statistics that is used to describe the 
distribution of data and the probability of finding a data 
point within a certain range. It is based on the concept of 
standard deviation (σ) and is particularly important in the 
context of normal distributions. According to this rule, all 
data points that lie outside the range μ ± 3σ, where μ is 
the mean of the data, can be considered extreme values 
or anomalies. 

When preprocessing the data, influencing variables are 
selected; these are the input variables that have a specific 
impact on the output variable, i.e. on the variable whose 
value must be predicted. The type of model for sensor de-
velopment is also defined. In this paper, Pearson›s corre-
lation coefficient was employed to select the influencing 
variables. This statistical measure quantifies the linear re-
lationship between two continuous variables, with values 
ranging from -1 to +1. These values indicate both the in-
tensity and the direction of the relationship between the 
variables by estimating how well the data points of two 
variables displayed in the coordinate system are aligned 
along a straight line. [7]

Artificial neural networks

Artificial neural networks are computer models employed 
in machine learning, processing data based on the work-
ings of the human brain, albeit on a much smaller scale. 
These networks are instrumental in solving various com-
plex problems, including pattern recognition, classifica-
tion, regression, and optimization tasks [8]. The initial 
type of neural network models developed were those with 
multilayer perceptrons, featuring multiple hidden layers 
and activation functions. Information flows bidirection-
ally through such networks, with input information propa-
gating forward, and weight coefficients updated backward 
using the error gradient.

The basic architecture of such a neural network, shown 
in Figure 1, consists of three types of layers composed of 
nodes: an input layer, an arbitrary number of hidden lay-
ers, and an output layer, where the output of one layer is 
the input to the next layer. The input layer receives the raw 
data, and no computations are performed in this step, but 
the input neurons simply pass the input data to the hidden 
layer. Activation functions are introduced in the hidden 
layer, and most of the time all hidden layers use the same 
activation function. The output layer is the last layer of the 
network, which receives the information learned via the 
hidden layers and converts it into the final result. An acti-
vation function can also be used in the output layer, which 
is usually different from the one used in the hidden layers. 
[9] Activation functions are used to introduce non-line-
arity into the models, which is achieved by introducing 
non-linear activation functions. An important feature of 
nonlinear activation functions is their derivability, so that 
a backpropagation algorithm can be applied to calculate 
errors with respect to the weight coefficients and accord-
ingly optimize the weights using one of the optimization 
techniques. The nonlinear activation functions most com-

monly used in neural networks, including sigmoid, ReLU, 
ELU, and tanh, were also employed in the preparation of 
this paper. [10]

Fig. 1. The basic structure of a multi-layer perceptrons  
neural network

Each node has its own input information, through which 
it receives communication from other nodes and the envi-
ronment, and its own output information, through which 
it communicates with other nodes and the environment. 
In addition, each node has its own activation function f, 
through which the input information is transformed into 
output information. The connections between the neurons 
in an artificial neural network are weighted by a weight 
coefficient wi that represents the strength of the connec-
tion between neurons. The inputs are multiplied by the 
weight coefficients and then summed in the hidden layer 
using the net (Eq. 1) summation function, and their sum 
is compared to the neuron’s threshold . If the sum of the 
weighted inputs exceeds the threshold of the neuron , the 
activation function f generates the output of the neuron y 
(Eq. 2). [11,12]

net =∑ n
i=0 wi xi	 (1)

y = f(net - θ)	 (2)

Another type of neural network model that has recently 
been developed is the long short-term memory (LSTM) 
network. This variant of a feedback neural network ad-
dresses the challenge of retaining long-term dependencies 
present in conventional feedback neural networks. This is 
achieved by installing a “memory cell” that acts as a con-
tainer and can store information over a longer period of 
time. The structure of a memory cell is shown in Figure 2. 
The memory cell of the LSTM model is managed by three 
so-called gates: input gate, forget gate and output gate. An 
input gate, mathematically represented by the formula (4), 
controls what information is added to the memory cell, 
a forget gate, mathematically represented by the formula 
(3), controls what data is removed from the memory cell, 
and an output gate, mathematically represented by the 
formula (5), controls what information is output from the 
memory cell.

ft = σ((w × xt + w × ht-1 ) + b)	 (3)

ct = Ct-1 × ft + it× c't	 (4)
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ht = ot + tanh(ct )	 (5)

In this way, LSTM networks can selectively retain or dis-
card information, allowing them to learn long-term de-
pendencies. The cell state ( represents long-term memory 
and is updated using a multiplication or summation opera-
tion, and this state is not directly affected by the weights. 
The hidden state () represents short-term memory and is 
affected by the weight values.[13]

Fig. 2. The structure of a memory cell of an LSTM network [13]

With the backpropagation algorithm the gradient is cal-
culated, that is, the amount by which the weights wi must 
change in the positive or negative direction in order to 
minimize the loss function. After the network calculates 
the output, it is compared to the actual value of the output. 
The square of the difference between these two values, or 
the mean squared error, represents the loss function for 
regression problems. MSE can be mathematically repre-
sented by the formula [14]:

MSE = 
ΣI=1( yi - yi)

2n –

n
	 (6) 

where n is the number of samples,  is the actual output 
value, and  is the corresponding predicted output value. 
The initial values of the weights are chosen randomly and 
passing through the network gives the first value  which 
is compared with yi.                               

After calculating the gradient, the weights are optimized 
layer by layer, starting from the last hidden layer and 
working backwards towards the input layer until the error 
no longer changes. At this point, learning is stopped, and 
it is assumed that the loss function has reached a global 
minimum. Problems that can occur during this learning 
process include reaching a local minimum instead of a 
global minimum and overfitting the network. An over-
trained network has a very small error on the training 
data, but on the test data the error is significantly higher, 
i.e., the network loses its ability to generalize and be-
comes specific only to a particular data set. Although it 
is desirable that the error is as small as possible, it is also 
important that it is consistent on the training and valida-
tion dataset of the model so that the model has reasonable 
efficiency when introducing new data.[15]     

2.	 Materials and methods

Propane/propylene splitter

The propane/propylene splitter (PPS) plant consists of 
two sections, which are shown in Figure 3. Section 1 is 
the section for the feed vessel of the raw material and its 
purification, while section 2 is for the separation of the 
propane-propylene mixture. For the purposes of this pa-
per, more attention was paid to section 2, which consists 
of two distillation columns where the separation of pro-
pylene and propane takes place. The aim of this unit is to 
achieve maximum purity of propylene and minimize the 
propylene content in propane. The propylene produced in 
the process is a colorless, odorless, tasteless, flammable 
gas with a required minimum purity of 99.6% by volume.

Fig. 3. Propane/propylene splitter plant section

The models were developed using Python, a programming 
language that contains numerous packages and modules 
specialized for machine learning and data analysis. First, 
NumPy and Pandas packages were utilized for data pre-
processing and analysis. Matplotlib was employed for 
data visualization, allowing for the creation of insightful 
plots and graphs to better understand the data distribution 
and relationships. Neural network models were devel-
oped using the Keras and Scikit-learn tools.

Data from the refinery database was used to assess the 
content of propylene products in the PPS-producing facil-
ity.  The imported data consists of input and output vari-
ables measured over two months. For all input and output 
variables, approximately 75,000 data points were collect-
ed with a sampling time of 1 minute. The data points for 
the output variable (propylene content) were taken from 
the AI201A/B gas chromatograph with a sampling time 
of 7 minutes.

After data acquisition in the system, data pre-processing 
followed. Data preprocessing for the development of the 
MLP model included: shifting the input variables data for 
a certain number of time steps based on the dead time, 
i.e., the time it takes for the input variable to begin im-
pacting the output, followed by detecting and deleting ex-
treme values. The detection of extreme values was carried 
out using the 3σ method and by visual inspection, as the 
values recognized as extreme by 3σ can be part of the dy-
namic behavior of the process, which is important for the 
creation of the model.
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Data preprocessing during the creation of the LSTM mod-
el comprised moving the input data by a particular num-
ber of time steps owing to input dead time, and extreme 
values were not deleted because such models employ data 
sequences in which the time sequence of the data is sig-
nificant.

The correlation between the input variables and the out-
put variable was determined using the Pearson correlation 
coefficient. When selecting the number of input variables, 
care was taken to ensure that the number of influencing 
variables was large enough to capture as much important 
information from the process as possible, but not too large 
due to the need to simplify the model. Because of the con-
nections discovered, several of the input variables were 
not included in the model’s further development. Seven of 
the 16 available input variables were chosen based on their 
association with the output for further model building. 

When developing the MLP model, the data set was di-
vided into three parts: the training set, the test set, and the 
validation set. The training set comprised 80% of the data, 
while the test set comprised 20% of the data. The valida-
tion set consisted of 20% of the training set. When de-
veloping the networks, the number of hidden layers was 
set to 1, while the activation functions and the number of 
neurons in the hidden layer were changed. The activation 
functions used were sigmoid, tanh, ReLU and ELU, and 
the number of neurons in the hidden layer varied in the 
range from 1 to 20. A network with the highest correlation 
coefficient and lowest mean square error was chosen for 
each activation function. The Adam algorithm was used 
as the optimization algorithm.

When developing the LSTM network model, the data set 
was split in the same way as when developing the MLP 
model. The number of LSTM units ranged from 1 to 35, 
representing the number of time steps in the past, and the 
activation functions were modified. The activation func-
tions used were the previously mentioned sigmoid, tanh, 
ReLU and ELU functions. For each of the activation func-
tions used, the best network was selected, i.e., the net-
work with the maximum correlation coefficient and the 
minimum mean square error. The Adam (Adaptive Mo-
ment Estimation) algorithm was used as the optimization 
algorithm.

In addition to the graphical comparison of the model 
results and the experimental measurements, the created 
models within a specific set of models were compared on 
the basis of the mean square error calculated on the train-
ing set, the test set and the validation set, as well as on 
the basis of the Pearson correlation coefficient between 
the results calculated by the model and the real data. The 
best models from a given set of models were additionally 
evaluated by analyzing the model’s error trend (residuals) 
and using error histograms.

3.	 Results and discussion
The plant provided process information, including 16 in-
put variables sampled every 1 minute and a single output 
variable, propylene content, which was similarly sampled 
every 1 minute. Approximately 75,000 data points were 
collected for each input and output variable. During the 
pre-processing of the data for the development of the 
MLP and LSTM models, the values of the input variables 
were temporally shifted by 7-time steps, equivalent to 7 
minutes into the past concerning the output variable (rep-
resenting the time required for sampling and calculating 
by the online analyzer).

When creating the MLP model, the dead time was tak-
en into consideration, which represents the time it takes 
for the input variable to affect the output variable. Pear-
son correlation coefficient values were computed with a 
7-time step shift, incorporating input variable lag times 
of 30, 60, 90, and 120 minutes. Following the compari-
son of all correlation values, data with a 7-time step shift 
plus a lag of 90 minutes were chosen for further analysis. 
Initially, influential variables were identified as those with 
a correlation greater than ± 0.10 with the output variable. 
Subsequently, mutual correlations among different input 
variables were examined. Considering the obtained corre-
lation results, the input variables were selected for further 
development of the model: TI214 (exit temperature from 
the C-202 column (bottom of the column)), FIC204 and 
FIC203 (reflux of the propylene product at the top of the 
C-202 column), PI203A (pressure at the top of the C-202 
column), PI202 (product pressure at the outlet of the 
C-201 column) and FIC201 (product flow of the C-201 
product at the top of the V-102 column). The variables 

Table 1. Pearson correlation coefficients for the input variables 
on the training data set for the MLP model

Correlation with AI201A

TI214 -0.099

FIC208 0.497

FIC204 0.799

FIC203 0.504

PI203A 0.137

PI202 0.554

FIC201 -0.158

Table 2. Pearson correlation coefficients for the input variables 
on the training data set for the LSTM model

Correlation with AI201A

TI214 -0.103

FIC208 0.488

FIC204 0.742

FIC203 0.489

PI203A 0.137

PI202 0.554

FIC201 -0.116
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PI202 and PI203B with a correlation greater than ± 0.10 
were selected as influencing variables. The next step was 
to analyze the relationships between the various input var-
iables to determine their mutual correlations. The input 
variables for the further development of the model were 
selected based on the correlation results obtained: TI214 
(outlet temperature from the C-202 column (bottom of the 
column)), FIC208 (reflux of the product from the bottom 
of the C-202 column). The variables PI202 and PI203B 
showed a similar correlation value with AI201A/B, of 
95.5%. Consequently, PI203B was excluded from fur-
ther model development. Similarly, the variables FIC202 
and FIC208 exhibited a close correlation of 99.5% with 
AI201A/B, leading to the exclusion of FIC202 from ad-
ditional model development.

The 3σ rule was used to identify extreme values, and 
missing values and related data from other variables were 
eliminated during the development of the MLP model.

When developing the LSTM model, the dead time of the 
input variables was not considered when pre-processing 
the data, as the LSTM shifts the input variables into the 
past by a certain number of time steps during its calcula-
tion. The dead time of the process’s input variables can 
be determined by adjusting the number of previous time 
steps considered by the LSTM model during develop-
ment. As with the development of the MLP model, all in-
put variables whose correlation with the output variable 
was greater than ± 0.10 were first taken as influencing 
variables and then the mutual correlations between dif-
ferent input variables were observed. The results were the 
same as the MLP model, i.e., the variables PI203B and 
FIC202 were not considered in the further development 
of the model. Extreme values were not removed during 
data preprocessing, which is problematic for LSTM mod-
els that rely on temporal sequences of data. During data 
pre-processing for both model types, resampling was car-
ried out with a time step of 3 minutes in order to reduce 
the amount of data and thus the calculation and overall 
model development time. The Pearson correlation coeffi-
cient was then recalculated, which increased slightly, i.e., 
all variables considered in the previous step still had a sat-
isfactory Pearson coefficient value for continued model 
development.

The models were developed using the Python program-
ming language (Python version 3.9.7) and its Anaconda 
distribution (Anaconda Navigator version 2.1.1). 80 MLP 
models were developed in advance, whose structure dif-
fered in terms of the hyperparameters of the model, such 
as the number of neurons in the hidden layers and the ac-
tivation functions used. In addition, 140 LSTM models 
were preliminarily developed, which differed in terms 
of the hyperparameters of the LSTM model such as acti-
vation functions, number of LSTM units and number of 
steps in the past.

The entire data is divided into a training set and a test 
set in a ratio of 0.8:0.2. 20% of the data from the train-
ing set was used as the validation set. The Pearson coef-
ficient values were then calculated only for the training 
data set to avoid possible data loss. Indeed, if the entire 
data is used when developing a model, there is a possibil-

ity of data leakage, where data that does not belong to the 
training dataset is used for some steps in the creation of 
the model. The freshly acquired information may assist 
the model in learning or discovering something it would 
not have known otherwise, resulting in a falsely satisfied 
appraisal of the model’s performance. The results of the 
correlations of the selected input variables with the output 
variable are shown in Table 1 for the MLP model and in 
Table 2 for the LSTM model.

MLP model results

During the creation of the MLP model, a decision was 
made to have only one hidden layer, but adjustments were 
made to the activation functions and the number of neu-
rons within that hidden layer. Of the activation functions, 
the sigmoid, tanh, ReLU and ELU functions were used, 
and the number of neurons in the hidden layer varied be-
tween 1 and 20. A computer experiment was conducted 
for each of the chosen activation functions to ascertain the 
optimal number of neurons in the hidden layer that yields 
the highest correlation factor and lowest mean square er-
ror on the training dataset. In addition to the correlation 
factor and the mean square error, the success of the model 
is also influenced by the mutual compatibility of the cor-
relation factors of the training and the test and validation 
dataset as well as the overall data. An optimal model 
should have high and uniform correlation factors for all 
data sets and a minimum squared error (as close to 0 as 
possible). The results of the influence of the number of 
neurons in the hidden layer on the accuracy of the model 
are shown graphically in Figure 4.

Fig. 4. The influence of the number of model neurons in the 
hidden layer on the correlation factor and the MSE for the 

activation functions a) tanh (top left), b) sigmoid (top right), c) 
ReLU (bottom left) and d) ELU (bottom right)

The findings presented in Figure 4 demonstrate that the 
models utilizing the tanh and sigmoid activation functions 
exhibit the highest level of stability in terms of correlation 
coefficient and the lowest squared error on the training 
set. Upon conducting a thorough examination of the ac-
quired models, considering the numerical data presented 
in Table 3 and the visual representations in Figure 4, it 
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was determined that all models exhibit a satisfactory level 
of accuracy for implementation in the plant, attributed to 
the elevated correlation coefficients. The smallest mean 
square error on the test set is shown by the ReLU model 
with 18 neurons in the hidden layer, and slightly higher 
by the tanh model with 17 neurons. Finally, the model 
with the activation function tanh and 17 neurons in the 
hidden layer was selected as the best model in terms of 
correlation coefficients and minimum square error. The 
validation set (Fig. 5) and the entire dataset (Fig. 6) dis-
play the outcomes of a graphical analysis, illustrating the 
comparison between the model and the actual data for this 
network. 

Table 3. Comparison of MLP models with respect to correlation 
factors and MSE for different activation functions

Activation function tanh sigmoid ReLU ELU
Number of neurons in 
hidden layer

17 12 18 10

Correlation - entire 
dataset

0.964 0.961 0.967 0.956

Correlation - training 
set

0.964 0.961 0.968 0.957

Correlation - test set 0.962 0.959 0.967 0.953
Correlation -validation 
set

0.961 0.959 0.967 0.955

MSE - training set 0.078 0.084 0.072 0.094
MSE - test set 0.077 0.082 0.070 0.096
MSE - validation set 0.076 0.084 0.069 0.093

Fig. 5. Comparison between real propylene content and MLP 
model on validation data for the model with tanh  

and 17 neurons in the hidden layer

Fig. 6. Comparison between real propylene content and the MLP 
model on the entire data for the model with tanh and 17 neurons 

in the hidden layer

Figure 7 illustrates the histogram depicting the distribution 
of error values across the entire data of the MLP model. 
Conversely, Figure 8 displays the histogram representing 
the distribution of error values specifically on the valida-
tion data of the MLP model. The histograms illustrate that 

the error range lies within ± 0.15% in both cases, with the 
majority of errors falling within ± 0.1%. This level of ac-
curacy is deemed satisfactory for the plant’s application.

Fig. 7. Histogram of the distribution of error values on the entire 
data for the MLP model tanh with 17 neurons in the hidden layer

Fig. 8.  Histogram of the distribution of error values on the 
validation data for the MLP model with tanh and  

17 neurons in the hidden layer 

LSTM model results

During the development of the LSTM networks, the num-
ber of LSTM units varied from 1 to 35, which also rep-
resents the number of time steps, and the activation func-
tions were changed. The previously mentioned sigmoid, 
tanh, ReLU and ELU functions were used as activation 
functions. An extensive computer experiment was con-
ducted to assess the optimal number of LSTM units in 
the hidden layer for each selected activation function. The 
experiment aimed to identify the configuration that yields 
the highest correlation factor and the lowest mean square 
error on the learning dataset. The success of the model 
depends on more than just the correlation factor and mean 
square error; it is also influenced by the mutual compat-
ibility of correlation factors across the learning dataset, 
test dataset, and evaluation dataset, as well as the entire 
dataset. An optimal model is characterized by strong and 
uniform correlation factors across all data sets, with the 
squared error minimized to nearly zero. Figure 9 visually 
presents the correlation between the number of steps into 
the past and the accuracy of the model. 
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Fig. 9. The influence of the number of model LSTM units in 
the hidden layer on the correlation factor and the MSE for the 
activation functions a) tanh (top left), b) sigmoid (top right c) 

ReLU  (bottom left) and d) ELU (bottom right)

The results shown in Figure 9 indicate that the models 
with the activation function ReLU and ELU have the 
most stable correlation coefficient and the lowest squared 
error in the training set.

Following an in-depth analysis of the obtained models, 
with reference to the numerical findings in Table 4 and the 
visual representations in Figure 9, it was established that 
all models demonstrate sufficient accuracy for practical 
use at the plant, given the high correlation coefficients. 

Table 4. Comparison of LSTM models with respect to correlation 
factors and MSE for different activation functions

Activation function tanh sigmoid ReLU ELU 

Number of LSTM 
units

25 31 33 31

Number of LSTM 
time steps 

25 31 33 31 

Correlation - entire 
dataset

0.981 0.940 0.985 0.981

Correlation -training 
dataset

0.982 0.938 0.985 0.981

Correlation - test 
dataset  

0.979 0.948 0.986 0.982

Correlation 
-validation dataset

0.981 0.951 0.981 0.983

MSE - training 
dataset 

0.047 0.129 0.036 0.045

MSE - test dataset 0.045 0.110 0.031 0.039
MSE - validation 
dataset

0.045 0.114 0.037 0.041

The validation set (Fig. 10) and the complete dataset (Fig. 
11) exhibit the graphical comparison results between 
the model and the real data for this network. The small-

est mean square error on the test set was found for the 
model with the ReLU function and 33-time steps and 33 
LSTM units in the hidden layer, and the slightly larger 
ELU model with 31-time steps and 31 LSTM units in the 
hidden layer. Finally, the model with the activation func-
tion ReLU and 33-time steps and 33 LSTM units in the 
hidden layer was selected as the best model in terms of 
the magnitude of the correlation coefficients and the mini-
mum square error. 

Fig. 10. Comparison between actual propylene content and  
LSTM model on validation data for the model with ReLU,  

33 LSTM units and 33-time steps 

Fig. 11. Comparison between actual propylene content and  
LSTM model on the entire data for the model with ReLU,  

33 LSTM units and 33-time steps

In Figure 12, the histogram visualizes the distribution of 
error values on the entire dataset of the LSTM model, 
while Figure 13 presents the distribution of error values 
specifically on the validation data of the LSTM model. By 
examining both histograms, it becomes evident that the 
errors predominantly lie within the ± 0.05% range. This 
finding serves as strong evidence for the exceptional reli-
ability of the developed LSTM model. 

Fig. 12. Histogram of the error values on the entire data for the 
LSTM model with ReLU, 33 LSTM units and 33-time steps
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Fig. 13. Histogram of error values on validation data for LSTM 
model with ReLU, 33 LSTM units and 33-time steps

4.	 Conclusion
In the refinery’s propane/propylene splitter plant, it is im-
perative to consistently monitor the propylene content in 
the product to enhance process efficiency. The propylene 
and propane separation process aims to achieve a mini-
mum purity of 99.6 vol% in the propylene, making it ad-
vantageous for use in polymer production.

The deployment of a soft sensor for online product qual-
ity monitoring can improve process control and reduce 
expenses associated with the operation and maintenance 
of online analyzers.

The focus of this study is on the creation of models that 
incorporate neural networks, such as multi-layered per-
ceptrons and long-short term memory networks. These 
models are utilized to monitor the propylene content in 
the product of the PPS plant. The models were created 
using the Python programming language in the integrated 
open-source development environment, Spyder. 

Among the extensive range of models developed, two 
models were singled out as the most promising. One 
model proved to be highly effective in neural networks 
with multilayer perceptrons, while the other exhibited re-
markable capabilities in neural networks with long-term 
memory. The model utilizing the tanh activation function 
and consisting of 17 neurons in the hidden layer was cho-
sen as the optimal model among the MLP models because 
of its superior error stability. The model with the activa-
tion function ReLU and 33-time steps and 33 LSTM units 
in the hidden layer was selected as the best model from 
the group of LSTM models. Based on both graphical and 
numerical outcomes, the LSTM model demonstrates su-
periority as a result of its stronger correlations, reduced 
errors, and enhanced performance stability when adjust-
ing the hyperparameters.

The most effective models of soft sensors in both cate-
gories delivered results that were more than satisfactory, 
showing similar correlation coefficients and errors in the 
model output data.

These models prove to be effective for application within 
the refinery information system. By incorporating these 
innovative soft sensors, the anticipated results include 

better control over processes and higher quality final 
products, ultimately resulting in substantial savings in 
production costs.
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