
Citation: Ma, F.; Ji, C.; Wang, J.; Sun,

W.; Palazoglu, A. Soft Sensor

Modeling Method Considering

Higher-Order Moments of Prediction

Residuals. Processes 2024, 12, 676.

https://doi.org/10.3390/pr12040676

Academic Editors: Junyao Xie,

Wanke Yu, Shumei Zhang and

Yiyang Chen

Received: 2 March 2024

Revised: 24 March 2024

Accepted: 26 March 2024

Published: 28 March 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

processes

Article

Soft Sensor Modeling Method Considering Higher-Order
Moments of Prediction Residuals
Fangyuan Ma 1,2 , Cheng Ji 1 , Jingde Wang 1 , Wei Sun 1,* and Ahmet Palazoglu 3

1 College of Chemical Engineering, Beijing University of Chemical Technology, Beijing 100029, China;
2020400053@mail.buct.edu.cn (F.M.)

2 Center of Process Monitoring and Data Analysis, Wuxi Research Institute of Applied Technologies, Tsinghua
University, Wuxi 214072, China

3 Department of Chemical Engineering, University of California, Davis, CA 95616, USA
* Correspondence: sunwei@mail.buct.edu.cn; Tel.: +86-010-6444-5826

Abstract: Traditional data-driven soft sensor methods can be regarded as an optimization process
to minimize the predicted error. When applying the mean squared error as the objective function,
the model tends to be trained to minimize the global errors of overall data samples. However, there
are deviations in data from practical operation, in which the model performance in the estimation of
the local variations in the target parameter worsens. This work presents a solution to this challenge
by considering higher-order moments of prediction residuals, which enables the evaluation of
deviations of the residual distribution from the normal distribution. By embedding constraints on the
distribution of residuals into the objective function, the model tends to converge to the state where
both stationary and deviation data can be accurately predicted. Data from the Tennessee Eastman
process and an industrial cracking furnace are considered to validate the performance of the proposed
modeling method.

Keywords: normal distribution; skewness; kurtosis; industrial cracking furnace

1. Introduction

In modern chemical processes, quality-related variables are important indicators for
process monitoring, control, and optimization [1], while they are usually hard to measure
in real time because of both economic constraints and instrument availability [2,3]. Because
of this concern, soft sensor techniques are developed to achieve real-time estimation of
key quality variables by using easy-to-measure process variables [4]. Generally, soft sensor
methods can be categorized into two groups: model-based and data-driven soft sensor
methods [5]. The former are built based on the physicochemical governing equations of
the processes [6]. However, these governing equations are usually obtained under ideal
assumptions, which makes it difficult to apply them to real processes under very complex
and non-ideal conditions [7].

With the widespread utilization of distributed control systems (DCSs), an enormous
number of process data are collected and stored, which greatly facilitates the development
of data-driven soft sensors. Benefitting from the sufficient underlying process information
captured from process data, data-driven soft sensor models have made rapid progress in
obtaining more objective and accurate estimations [8]. Typical data-driven soft sensor meth-
ods include ordinary least squares (OLS), partial least squares (PLS), principal component
regression (PCR), least absolute shrinkage and selection operator (Lasso), relevance vector
machine (RVM), support vector regression (SVR), and artificial neural network (ANN).
Among them, OLS is the simplest type of data-driven soft sensor method, which assumes
that the key quality variables are a linear combination of easy-to-measure variables [9].
However, there is multicollinearity among industrial process variables. Therefore, PCR
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and PLS are proposed to solve this problem [10]. In addition, Lasso and RVM are also com-
monly applied methods to eliminate multicollinearity which are mainly used for feature
selection by sparsifying the parameters. On this basis, Fujiwara et al. integrated nearest
correlation spectral clustering and group Lasso and proposed a new correlation-based
variable selection method to further improve the estimation performance of the soft sensor
model [11]. Urhan et al. proposed an RVM-based adaptive learning method to be applied
to nonstationary or drift processes [12]. Considering that modern chemical processes are
commonly nonlinear, several nonlinear methods, such as kernel PCR, kernel PLS, and
SVR, are utilized in the modeling of soft sensors [13–15]. With the rapid development of
ANN over the past few years, ANN-based soft sensor methods have been developed to
extract nonlinear correlations among process variables [16]. Moreover, a few variants of
ANN, such as long short-term memory (LSTM) networks, convolutional neural network
(CNN), etc., are also used to establish soft sensor models to capture the dynamic features of
industrial processes [8,17,18].

Data-driven soft sensor methods not only can be used for real-time estimation of critical
quality variables but can also be applied in the field of fault detection [19]. In statistics, when
the relationship among the easy-to-measure variables and the key quality variables can be
accurately expressed by a soft sensor model, the prediction residuals should be regarded
as a random error, which should conform to the normal distribution [20]. Several fault
detection methods based on the idea of residual generation have been proposed [18,21,22].
Soft sensor models are applied to generate residuals, which satisfy the Gaussian distribution
data assumptions required by monitoring statistics such as Hotelling’s T2 and Q [22]. In
addition, the early detection of faults can also be achieved by monitoring changes in
residual statistical indicators [23]. Conventionally, the statistics used for fault detection are
up to the fourth-order moments [24]. Among them, mean and variance are commonly used
first-order and second-order statistics, respectively, which presuppose that the data obey a
normal distribution [25]. Higher-order moments are utilized to capture deviations from the
normal distribution of data under normal conditions [26,27]. It needs to be emphasized
again that the residual-based fault detection model is established on the premise that
an accurate soft sensor model can be obtained. Therefore, soft sensor modeling is the
crucial step.

Although the modeling methods used in the above soft sensors are different, the study
of their modeling process shows that it is essentially an optimization process. The optimal
parameters of the model are obtained by using the collected labeled data, which minimizes
the error between the measured and prediction values of the key quality variables. Mean
square error (MSE) and mean absolute error (MAE) are two common absolute error mea-
surement methods, which are widely applied in the modeling process of data-driven soft
sensors as the minimization objective function [28]. In addition, mean absolute percentage
error (MAPE), as a measure of relative error, is often applied to forecasting modeling in
the economic field [29]. However, the above evaluation indicators are used to average the
errors [30]. Willmott et al. demonstrated that the average of the error has no consistent
relationship with the error of a single sample, which means that the MSE, MAE, or MAPE
of a model can still provide a good result even though the model has poor prediction
performance on a few data samples [31]. Because the error information of all samples is
condensed into a single value by an evaluation index, it cannot reflect the variations in
all errors [32]. Using these evaluation indicators as the objective function does not ensure
better prediction for all samples.

In actual industrial processes, a process is usually required to operate steadily under
pre-set operating conditions. In this case, key quality variables fluctuate around the pre-
set values, with a small range. When a fault occurs or a process enters a new operating
condition, key quality variables may deviate far from the original data range, which can be
defined as “deviation data”. From the essential analysis viewpoint, the data of steady-state
processes have a similar distribution range, are numerous, and present a high repetition
rate [33]. In contrast, deviation data are fewer and more difficult to obtain [33]. Compared
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with smooth data samples, human engineers are more concerned about deviations in key
quality variables. Therefore, a soft sensor that can accurately predict deviation data samples
of key quality variables would have high practical application value [34]. Obviously, it is
difficult to achieve accurate prediction for these deviation data samples when traditional
error metrics are used as the objective function in the soft sensor modeling process. When
deviation data samples cannot be accurately predicted by the soft sensor model, the
prediction residuals of the deviation data samples will be much larger than other data
samples, which makes the overall prediction residuals of the model no longer conform
to the normal distribution. In other words, the relationship among variables cannot be
described by the soft sensor model, assuming that the residuals are random invalid errors.
Truncation and logarithmic transformation are two common methods to deal with the non-
normal distribution of residuals [35,36]. However, the truncation method requires removing
outliers, which may result in partial information loss, and the logarithmic transformation is
only suitable for non-negative data [36]. Meanwhile, some robust regression methods have
also been proposed to solve the problem of the non-normal distribution of residuals, such as
robust locally weighted regression, local M-estimators, and local regression quantiles [37].
But these methods usually require iterative calculations and have high computational
complexity. In addition, the above methods do not directly constrain the distribution of
the residuals, which means that the residuals obtained may not strictly conform to the
normal distribution.

Karunasingha found that when using MSE or MAE as the objective function, the
resulting residuals are more consistent with the platykurtic or leptokurtic distributions [38].
In conclusion, it is difficult to achieve normal constraints on the distribution of model
residuals when the traditional evaluation indicators are used as objective functions for
modeling soft sensor models. If a constraint on the residuals distribution is directly added
to the objective function, it should be able to achieve better prediction results. Higher-order
moments are effective tools for capturing the statistical characteristics of data, which can
be utilized as distribution discrepancy metrics [39]. Wen et al. proposed using higher-
order moments as statistical indicators, such as skewness, to capture changes in data
distribution characteristics [27]. Li et al. applied higher-order moments to the field of
domain adaptation to assess the discrepancy in data distribution between target and source
domains [40]. Rezaeianjouybari and Shang proposed to obtain identical features between
source and target domains by minimizing the distributional differences among the data
features extracted from the target and source domains [41]. According to the above, the
discrepancy between the residual distribution and the normal distribution can be evaluated
by using higher-order moments. By adding the minimization of the difference between the
residuals and the normal distribution to the objective function of the soft sensor model, the
residuals could be more consistent with the normal distribution.

In this work, a soft sensor modeling method considering the higher-order moments of
prediction residuals is proposed in this work. There are mainly three contributions of this
study, denoted below.

(1) A new soft sensor modeling method is proposed: higher-order moments are
employed to evaluate the difference between the residual distribution and the normal
distribution, and they are added to the objective function to make the residuals more
consistent with the normal distribution.

(2) The proposed soft sensor modeling method is employed to improve ordinary least
squares and convolutional neural network, so that the soft sensor models can satisfy the
modeling assumption that the residuals are normally distributed random errors and have
an accurate estimate for each data sample.

(3) Data from the Tennessee Eastman process (TEP) and an industrial cracking furnace
are considered to validate the performance of the proposed method.

The remaining sections of this paper are arranged as follows: First, the basis of the
proposed method is briefly introduced in Section 2, followed by the detailed introduction
of the proposed soft sensor modeling method in Section 3. In Section 4, the TEP and an
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industrial cracking furnace are used to evaluate the prediction performance of the proposed
method. Finally, conclusions are presented in Section 5.

2. Background

The modeling method proposed in this work is an improvement on existing soft
sensors and is not limited to application to a specific soft sensor method. In this paper, OLS
and CNN will be employed as examples to introduce the proposed modeling method. As
background knowledge, OLS and CNN will be briefly introduced in this section.

2.1. OLS

OLS is a typical mathematical optimization technique used to search for the best-fitting
curve or function based on a given set of data samples. It aims to obtain the optimal model
parameters by minimizing the sum of squares for the vertical distances from the data points
to the fitted curve. Let (X, Y) denote a set of data samples, with X representing easy-
to-measure variables and Y representing key quality variables, which can be utilized to
establish an OLS model. The mathematical expression of the OLS model can be represented
as follows:

f (x) = a1x1 + a2x2 + . . . + amxm (1)

where f (x) indicates the model prediction value, xi indicates the easy-to-measure variable,
ai indicates the model parameters, and m is the number of easy-to-measure variables.

The objective function of OLS is as follows:

min
1
n

n

∑
i=1

( f (x)i − yi)
2 (2)

where yi is the measured value of the key quality variables (Y) and n is the number
of samples.

2.2. CNN

CNN is a typical multilayer feed-forward neural network, which was initially applied
in the field of image recognition [42,43]. Over the last few years, benefiting from the ability
to capture dynamic features from process data, CNN has also been widely employed
in the modeling of soft sensors [44,45]. Moreover, strategies such as weight sharing,
local connection, and pooling operations greatly reduce the model parameters of CNN,
significantly cutting down on training time and difficulty [46].

As shown in Part A of Figure 1, CNN consists of an input layer, convolutional layers,
pooling layers, fully connected layers, and an output layer. Time-series data are organized
into a two-dimensional data matrix, with the width representing the variables and the
length representing time, which is input into the CNN [47]. The convolutional layer is first
utilized to extract the dynamic features of the data matrix, and the extracted features are
compressed by using the pooling layer. Fully connected layers are applied for a further
nonlinear mapping of the extracted features. Then, the prediction value is output by
the output layer. The backpropagation algorithm is utilized for CNN training. MSE is a
commonly used loss function, and its calculation equation is as follows:

Loss =
1
n

n

∑
i=1

( f (x)i − yi)
2 (3)
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Figure 1. Schematic structure of the improved CNN.

Based on the brief introduction of OLS and CNN, it can be found that the essence
of a soft sensor is to establish the relationship between easy-to-measure variables and
key quality variables using the collected data. The objective of modelling is to minimize
the error between the measured and prediction values of the key quality variables, and
MSE is a commonly used objective function. However, as discussed in the Introduction
section, there is an issue with using MSE as an objective function for soft sensor modeling:
it pays more attention to minimizing the error of overall data samples while ignoring the
prediction performance on a small number of deviation data samples. In order to address
this issue, the objective function of the soft sensor model will be modified in this work to
improve the prediction effectiveness on deviation data samples.

3. Soft Sensor Modeling Method Considering the Higher-Order Moments of
Prediction Residuals
3.1. Residual Analysis

A residual is the difference between the prediction value and the measured value and
can be calculated as follows:

εi = f (x)i − yi (4)

In the field of statistics, if the relationship between the input and output variables
can be accurately described by a soft sensor model, the residuals should be normally
distributed [48].

We use a simulated data set as an example for residuals analysis. Suppose that
Model A and Model B are two different soft sensor models. Their prediction results are
shown in Figure 2a, and the prediction results of partial data samples are displayed in
Figure 2b. As can be seen, for deviation data samples, the prediction performance of
Model B is significantly better than that provided by Model A. The same conclusion can
be obtained from Figure 2c. The deviation data samples of Model A are far from the
symmetry axis, which also indicates that the model is a poor predictor of these samples.
In practical industrial processes, human engineers prefer to be able to obtain accurate
predictions of deviation samples as opposed to smooth samples, as this can help them
identify process anomalies in a timely manner. Obviously, Model B is more popular with
human engineers than Model A. However, the MSEs of Model A and Model B are 0.3345
and 0.3724, respectively, which means that Model A is better than Model B from the MSE



Processes 2024, 12, 676 6 of 17

point of view. Therefore, it is not sufficient to utilize MSE alone to evaluate the performance
of a soft sensor model.
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The residual distributions of Model A and Model B are illustrated in Figures 2d and 2e,
respectively. Clearly, the residuals of Model B conform more closely to a normal distribution
compared with those of Model A, owing to the accurate prediction of Model B for the
deviation samples. Thus, the evaluation of soft sensor models using the distribution of
residuals provides a more remarkable reflection of the prediction performance on deviation
samples than MSE. Skewness and kurtosis are two statistical measures that evaluate the
characteristics of a data distribution, where skewness is utilized to measure the degree of
asymmetry of the distribution. When the residuals conform to a normal distribution, the
skewness is 0. The mathematical expression of skewness is shown as follows:

Skew =

n
∑

i=1
(εi − ε)3

nσ3 (5)

where ε and σ2 represent the mean and variance of the residuals, respectively, which can be
calculated by Equations (6) and (7).

ε =
1
n

n

∑
i=1

εi (6)

σ2 =
1
n

n

∑
i=1

(εi − ε)2 (7)

Kurtosis is used to measure the degree of peakedness of the distribution. When the
residuals conform to a normal distribution, the kurtosis should be 3. It can be calculated by
Equation (8).

Kurt =

n
∑

i=1
(ε − ε)4

nσ4 (8)
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The calculations show that the skewness and kurtosis of the prediction residual
for Model A are −2.1122 and 19.3092, respectively, and those for Model B are 0.0738
and 2.9585, respectively. This implies that the prediction residuals of Model B are more
normally distributed than those of Model A. When the model can accurately describe the
relationship among variables, the residuals are only random noise and should conform
to the normal distribution. More accurate prediction results for deviation data can be
provided by Model B, which shows that Model B can describe the relationship between
variables more accurately than Model A, so its residuals are more consistent with the
normal distribution. It can be concluded that the prediction residuals are more consistent
with a normal distribution when the soft sensor model has better prediction performance on
the deviation data. Therefore, a soft sensor modeling method considering the higher-order
moments of prediction residuals is proposed in this work. Next, the proposed modeling
method is presented in conjunction with OLS and CNN.

3.2. Improved Ordinary Least Squares (IOLS)

The improvement in OLS is mainly reflected in the modification of the objective func-
tion. By adding constraints on the distribution of the predicted residuals to Equation (2), a
new objective function can be obtained, as shown in Equation (9).

min(
1
n

n

∑
i=1

( f (x)i − yi)
2 + Skew2 + (Kurt − 3)2) (9)

By minimizing the new objective function, the optimal parameters of IOLS can be
obtained. In this work, the simulated annealing method is employed to obtain the optimal
parameters [49].

3.3. Improved Convolutional Neural Network (ICNN)

The structure layout of ICNN, as shown in Figure 1, consists of two parts: Part A and
Part B, where the former is the traditional CNN. The time-series data are input into the
CNN, and output values are obtained through forward propagation, that is, the prediction
values of the key quality variable. Then, the output values are employed to calculate the
mean, standard deviation, skewness, and kurtosis of the prediction residuals, as shown in
Part B of Figure 1. To make the prediction residuals conform to the normal distribution,
constraints on the distribution of residuals are embedded in the loss function to train
the model. According to the definition of statistics, when the data conform to a normal
distribution, their skewness and kurtosis are 0 and 3, respectively. Therefore, constraints
on the skewness and kurtosis of the residuals are added to the loss function, as shown
in Equation (10). The optimal model parameters of ICNN can be obtained by the back
propagation algorithm.

Lossnew = Loss + Skew2 + (Kurt − 3)2 (10)

3.4. Framework for Proposed Method

The framework of the proposed soft sensor modeling considering higher-order mo-
ments of prediction residuals is presented in Figure 3, which consists of two parts: the
offline modeling stage and the online prediction stage.

Offline modeling stage

Step 1: Historical data collected from the plant are categorized into training data and
validation data, ensuring that deviation data samples are contained in both sets.

Step 2: In order to reduce the complexity and time consumption of modeling, the
training data are first normalized, and the validation data are scaled using the mean and
standard deviation of the training data [50].

Step 3: The normalized data are pre-processed according to the requirements of the
model input and then utilized to build a soft sensor model considering the higher-order
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moments of the prediction residuals, where the training data are utilized to establish the
soft sensor model and the validation data are utilized to determine the key parameters to
prevent model overfitting.

Online prediction stage

Step 1: Data collected online are first scaled using the mean and standard deviation of
the training data.

Step 2: The normalized data are pre-processed according to the input requirements of
the soft sensor model.

Step 3: The pre-processed data are fed to the soft sensor model obtained in the
offline modeling stage; then, the output values are inversely normalized to obtain the
prediction values.
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4. Case Study

To test the capabilities of the proposed modeling method, the improved soft sensor
model is applied to the TEP and an ethylene production process. Root mean squared
error (RMSE), Mean Absolute error (MAE), mean squared logarithmic error (MSLE), mean
absolute percentage error (MAPE), and coefficient of determination (R2) are soft sensor
evaluation indicators commonly used to evaluate prediction performance [29,51–54].

4.1. Tennessee Eastman Process

In previous research studies, the TEP has been frequently applied as a benchmark
platform to validate algorithms and evaluate performance [55]. The TEP consists of five
process units with 12 manipulated variables and 41 measured variables. Among the
measured variables, 19 are composition measurements, which are sampled much less
frequently than the other variables. Therefore, in order to monitor the product, it is essential
to establish soft sensor models to achieve accurate real-time estimation of these composition
measurements. In this work, 33 easy-to-measure variables are used to develop a soft sensor
model for the prediction of component G in stream 9. Simulation data are generated
by the Simulink version of the TEP [56,57]. The sampling intervals for easy-to-measure
variables and component G are set at 1 min and 6 min, respectively. In addition, deviation
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data samples of component G are generated by introducing deviations into the reactor
temperature. For a more intuitive presentation of the generated data, T-SNE is applied for
low-dimensional visualization. As shown in Figure 4, the training data, validation data,
and test data all contain a small number of deviation data. Using traditional soft sensor
modeling methods tends to lead to models with better predictions for most data samples,
thereby ignoring the prediction accuracy of the deviation data samples.
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According to the methods proposed in Section 3, soft sensor models based on IOLS
and ICNN are established, respectively. Furthermore, in order to verify the efficacy of the
proposed method, OLS, PLS, ANN, and CNN are also applied for soft sensor modeling.
The detailed structures of CNN and ICNN are illustrated in Table 1, form which it can be
seen that they are the same, which can be employed to compare the prediction performance
of the model after adding normal distribution constraints. The prediction results of these
methods are displayed in Figure 5, where the prediction values are represented in red
and the measured values are represented in black. From the figure, it can be seen that the
prediction values obtained by traditional soft sensor methods using MSE as the objective
function cannot fit the true values well, especially for deviation data samples. In contrast,
IOLS and ICNN can accurately predict deviation data samples. Meanwhile, as can be seen
from Table 2, the MSE, RMSE, MAE, MSLE and MAPE of IOLS and ICNN are lower than
the traditional soft sensor methods, which shows that the proposed modeling method can
significantly enhance the prediction accuracy of the soft sensor models.

Table 1. Detailed structures of CNN and ICNN.

Model Input
Dimension Convolutional Layer Pooling

Layer
Convolutional

Layer
FC

Layer
Output
Layer

CNN 2D matrix 3 (3, 3) Average pooling 5 (2, 1) Flatten 1
ICNN 2D matrix 3 (3, 3) Average pooling 5 (2, 1) Flatten 1
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1 

 

 

Figure 5. The prediction results for the G component in purge stream based on (a) OLS, (b) IOLS,
(c) PLS, (d) ANN, (e) CNN, and (f) ICNN.

Table 2. Comparison of the prediction results of different soft sensor methods.

MSE RMSE MAE MSLE MAPE R2 Skew Kurt

OLS 0.0071 0.0845 0.0525 3.65 × 10−4 1.5609 0.2452 −2.2953 7.8330
IOLS 0.0042 0.0648 0.0472 2.29 × 10−4 1.4393 0.5562 −0.9265 4.2023
PLS 0.0080 0.0895 0.0539 4.11 × 10−4 1.6002 0.1521 −2.5255 8.8929

ANN 0.0060 0.0774 0.0502 3.07 × 10−4 1.4979 0.3652 −1.6846 7.1492
CNN 0.0077 0.0879 0.0564 3.97 × 10−4 1.6827 0.1814 −1.7075 6.9167
ICNN 0.0023 0.0487 0.0360 1.29 × 10−4 1.0985 0.7488 0.8395 2.8176

The distributions of the prediction residuals for six different soft sensor models are
shown in Figure 6. As can be seen, the prediction residuals of traditional soft sensor meth-
ods show a positively skewed distribution, which is caused by the inaccurate prediction of
deviation data samples. In contrast, the prediction residuals of OLS and CNN show a sym-
metric distribution, indicating that they are more consistent with the normal distribution.
In addition, as shown in Table 2, the skewness and kurtosis of the prediction residuals of
IOLS and ICNN are closer to 0 and 3, respectively, which also indicates that their residuals
are more consistent with a normal distribution.
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We further explore the effect of different proportions of deviation data in the training
data on the prediction performance. The TE process is employed to generate training
data sets, which include 0‰, 2‰, 4‰, 6‰, and 10‰ of the deviation data, respectively.
Then, soft sensor models based on OLS and IOLS are established. Test data are utilized
to verify the established soft sensor models, and the results are shown in Table 3. When
the training data set does not contain deviation data, neither OLS nor IOLS can provide
good prediction results, and the residuals of the models do not conform to the normal
distribution. As the training data contain deviation samples, the proposed method can
provide better prediction results, mainly because the deviation samples can be accurately
predicted. When the proportion of deviation samples in the training data exceeds 6%,
both OLS and IOLS can provide better prediction results, and the model residuals are
also close to the normal distribution. In summary, when the training data contain fewer
deviation data, the proposed soft sensor modeling method is better than the traditional soft
sensor method.

Table 3. The effect of different proportions of deviation data in the training data on the
prediction performance.

MSE RMSE MAE MSLE MAPE R2 Skew Kurt

OLS (0‰) 0.0889 0.2983 0.1023 5.80 × 10−3 2.9280 −8.4157 −4.3791 18.4649
IOLS (0‰) 0.0763 0.2762 0.1022 4.78 × 10−3 2.9435 −7.0721 −4.1892 17.4595
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Table 3. Cont.

MSE RMSE MAE MSLE MAPE R2 Skew Kurt

OLS (2‰) 0.0092 0.0958 0.0557 4.70 × 10−4 1.6487 0.0281 −2.7006 9.9766
IOLS (2‰) 0.0043 0.0653 0.0484 2.29 × 10−4 1.4628 0.5492 −0.9236 4.9967
OLS (4‰) 0.0071 0.0846 0.0525 3.65 × 10−4 1.5609 0.2452 −2.2953 7.8330
IOLS (4‰) 0.0042 0.0648 0.0472 2.29 × 10−4 1.4393 0.5562 −0.9265 4.2023
OLS (6‰) 0.0025 0.0497 0.0399 1.35 × 10−4 1.2166 0.7385 0.1788 3.3032
IOLS (6‰) 0.0024 0.0494 0.0383 1.34 × 10−4 1.1708 0.7416 −0.0325 3.1601
OLS (8‰) 0.0024 0.0490 0.0403 1.32 × 10−4 1.2286 0.7451 0.2892 3.1451
IOLS (8‰) 0.0024 0.0490 0.0375 1.32 × 10−4 1.1445 0.7456 −0.0765 3.6916
OLS (10‰) 0.0024 0.0488 0.0391 1.31 × 10−4 1.1947 0.7474 0.2648 3.3319
IOLS (10‰) 0.0024 0.0489 0.0387 1.32 × 10−4 1.1818 0.7468 0.1617 3.6318

4.2. Industrial Cracking Furnace

Ethylene stands as a pivotal chemical material with significant importance in the realm
of petrochemicals. Currently, one of the most widely adopted methodologies for ethylene
generation involves the steam cracking of naphtha, serving as a prominent technical
pathway. Industrial cracking furnace is the core equipment of this process, where diluted
steam and naphtha undergo highly complex cracking reactions to produce olefins, alkanes,
and other coproducts. In practice, the volume percentage of ethylene in the cracker outlet
composition is a key quality variable of interest to engineers which is hard to measure
online. In this work, soft sensor models are established using easy-to-measure variables as
illustrated in Table 4 to estimate the volume percentage of ethylene in real time.

Table 4. Process variable information of the cracking furnace.

No. Description Unit

x1–x7 Naphtha mass flow rate kg/h
x8 Naphtha temperature ◦C
x9 Naphtha pressure Mpag

x10–x16 Diluted steam mass flow rate kg/h
x17 Diluted steam temperature ◦C

x18–x23 Crossover section temperature ◦C
x24–x29 Crossover section pressure Mpag
x30, x31 Temperature in furnace A/B side ◦C

x32 Fuel gas flow rate kg/h
x33–x57 Coil outlet temperature ◦C
x58–x63 Outlet pressure Mpag

To develop soft sensor models, 2025 sets of data samples for the volume percentage
of ethylene and the corresponding easy-to-measure variables are collected. Among them,
1900 data samples are utilized as training data to build the soft sensor model, and 125 data
samples are used as validation data to prevent model overfitting. Furthermore, 150 data
samples are collected to test the effectiveness of the soft sensor model. Then, soft sensor
models based on OLS, IOLS, PLS, ANN, CNN, and ICNN are built, respectively. The
detailed structures for CNN and ICNN are illustrated in Table 5. The prediction results
are shown in Figure 7 for the six methods on the test data. As can be seen, the predicted
curves of OLS and PLS cannot track the true curve. The prediction performance of ANN
and CNN is better than that of OLS and PLS, because the nonlinear correlations among
variables can be captured by ANN and CNN. However, the above four methods are not
effective in predicting deviation data samples near the 60th to 80th samples. The reason is
that MSE is used as the objective function in these methods, which makes the modeling
process prefer to obtain a model with a better track with the majority of true values, thus
ignoring the prediction accuracy of the deviation data samples. In contrast, IOLS and
ICNN not only accurately predict smooth samples but also accurately track deviation
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samples. Therefore, the proposed modeling method is more suitable for practical industrial
applications. Human engineers can intervene in advance based on accurate predictions
for deviation samples to ensure that the volume percentage of ethylene remains within a
preset range.

Table 5. Detailed structures of CNN and ICNN.

Model Input
Dimension Convolutional Layer Pooling

Layer Convolutional Layer FC Layer Output Layer

CNN 2D matrix 5 (3, 3) Average pooling 8 (2, 1) Flatten 1
ICNN 2D matrix 5 (3, 3) Average pooling 8 (2, 1) Flatten 1
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The MSE, RMSE, MAE, MSLE, MAPE, and R2 of the six different methods on the test
data are listed in Table 6. As can be seen, IOLS and ICNN are better than the traditional
methods in all soft sensor evaluation indexes. The prediction performance of ICNN on the
test data is superior to that of IOLS. The reason could be that the nonlinear and dynamic
features among variables can be captured by ICNN. To further validate the effectiveness of
the proposed modeling method, the residuals of the six soft sensor models are analyzed.
As shown in Figure 8, the residuals of the traditional soft sensor models represent a
positively skewed distribution, while the residuals of IOLS and ICNN show a symmetric
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distribution. This means that the residuals of IOLS and ICNN are more consistent with
the normal distribution than those of traditional soft sensor models. The same conclusion
can be obtained from Table 6. The skewness and kurtosis of the predicted residuals for the
proposed soft sensor modeling method are closer to 0 and 3, respectively. The results show
that by adding constraints on the distribution of the predicted residuals to the objective
function, the predicted residuals are made more consistent with the normal distribution,
which satisfies the assumption that the prediction residuals should be random errors
obeying the normal distribution.

Table 6. Comparison for the prediction results of different soft sensor methods.

MSE RMSE MAE MSLE MAPE R2 Skew Kurt

OLS 0.6899 0.8306 0.4671 8.30 × 10−4 1.6747 −0.1599 3.1527 10.0216
IOLS 0.2086 0.4567 0.3123 2.50 × 10−4 1.0896 0.6493 −1.0149 4.9531
PLS 0.6615 0.8133 0.5602 7.93 × 10−4 1.9832 −0.1121 3.1218 10.0271

ANN 0.4801 0.6929 0.3518 5.87 × 10−4 1.2682 0.1928 2.9270 9.9334
CNN 0.4342 0.6590 0.3811 5.24 × 10−4 1.3529 0.2699 2.3434 8.3853
ICNN 0.1721 0.4150 0.3122 1.99 × 10−4 1.0807 0.7105 −0.0981 3.6372
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5. Conclusions

In this work, a soft sensor modeling method considering the higher-order moments of
prediction residuals is proposed. Different from the traditional modeling methods that use
MSE or MAE as the objective function, the constraint on the distribution of the predicted
residuals is embedded into the objective function in the proposed method, which leads the
model to converge to a state where prediction residuals conform to a normal distribution.
The proposed modeling method is employed to improve OLS and CNN. A benchmark
process, the TE process, is first utilized to demonstrate the prediction performance of
the proposed method; then, an ethylene production process is analyzed to illustrate the
applicability of the proposed method to practical industrial processes. Compared with
other soft sensor methods, the proposed method provides better prediction results.
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