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Abstract
Deep learning plays an important role in soft sensors of industrial processes for the timely
measurement of key quality variables. However, since sensors are often operated under noisy
and nonstationary industrial conditions, the collected industrial process data exhibit extreme
complexity, which severely restricts the learning capacity and measurement accuracy of deep
learning methods. In this paper, a novel denoising and multiscale residual deep network
(DMRDN) is proposed for soft sensor modeling. Firstly, a stacked denoising autoencoder with
level-aware attention is developed to denoise the process data, in which denoised features on
different levels are learned and fused. Secondly, the denoised features are fed into multiscale
residual convolutional neural network with scale-aware attention, which is designed to capture
and fuse deep dynamic features from different scales. Finally, experiments were conducted on
an industrial debutanizer column. The experimental results demonstrate that the proposed
DMRDN greatly strengthens the learning ability and achieves better prediction performance
compared with other methods.

Keywords: soft sensor, deep learning, stacked denoising autoencoder,
convolutional neural network, denoising and multiscale residual deep network

(Some figures may appear in colour only in the online journal)

1. Introduction

In modern industrial processes, timely measurement of key
quality variables is of great significance for process monitor-
ing, energy conservation, and environmental protection [1–3].
However, due to high technical requirements and expens-
ive analyzer costs, it is difficult to measure most of these
quality variables directly. Therefore, soft sensors have been
developed to estimate the quality variables in real-time by
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building predictive mathematical models, which establish cer-
tain relationships between these target variables and some
easily measurable process variables [4–6]. Up to now, many
soft sensors have been extensively researched and successfully
applied in diverse practical industrial processes [7–9].

Nowadays, with the development of the Internet of Things
and data acquisition technologies, it is convenient to collect
and store a huge amount of data from modern industries,
which provides enormous data for data-driven modeling [10].
Hence, data-driven soft sensors that are built based on massive
available historical data have attracted growing attention for
quality prediction. During the past few decades, a great many
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statistical methods and machine learning methods have been
employed to establish data-driven soft sensors. Principal com-
ponent analysis (PCA) and partial least squares (PLS) are the
most popular multivariate linear statistical methods for soft
sensors. PCA is a feature extraction technique that decreases
the dimensionality of high-dimensional data by building lin-
ear combinations of input variables. For example, Wang et al
proposed a sliding window PCA to eliminate data correla-
tions and redundancy for steady-state detection. The experi-
ments verified the effectiveness and adaptability of the pro-
posed method [11]. Tang et al developed a new active learning
strategy based on PCA. The application cases confirmed that
the proposed strategy showed a great capability to select the
most representative dimension [12]. Li et al employed PCA
to reduce data dimension and extract critical features from
the thermal images for raceway depth estimation. The exper-
imental results proved that the proposed method can effect-
ively capture the potential relationship between the thermal
images and the raceway depth [13]. Moreover, PLS is a math-
ematical optimization algorithm that has been widely used to
deal with data collinearity in industrial processes. For instance,
Xie et al improved the PLS framework to handle the out-
liers of the process data. The experimental results verified
that the framework enhanced the efficiency and accuracy of
the key quality indicators prediction [14]. Galicia et al pro-
posed a reduced-order dynamic PLS soft sensor approach,
which reduced the model size appropriately. The experiments
on two types of digester showed the excellent performance
of the developed approach [15]. Zheng and Song incorpor-
ated semi-supervised learning with PLS to improve the per-
formance of soft sensors. The experiments demonstrated the
validity and superiority of the designedmethod [16]. Although
PCA and PLS mentioned above show excellent performance
in linear data modeling, they have unavoidable defects in pro-
cessing nonlinear data. Due to the complex process mechan-
ism in large-scale industrial systems, the industrial process
data are highly nonlinear. For this reason, manymachine learn-
ing methods that are suitable for dealing with nonlinear data
have been widely exploited for soft sensors, such as artificial
neural networks (ANNs) and support vector regression (SVR).
ANN is composed of a number of interconnected neuron
nodes, which can analyze the nonlinear processes owing to
the nonlinear activation function in the nodes. For example,
Gonzaga et al developed an ANN-based soft sensor to provide
online measurement in the polyethylene terephthalate produc-
tion process. The application showed that the proposedmethod
can adequately estimate the polymer viscosity [17]. Pani et al
developed a soft sensor based on a feed-forward ANN for
product quality monitoring. The experiments showed that the
designed method achieved high accuracy [18]. Bispo et al
utilized a ANN to estimate the apparent viscosity of water-
based drilling fluids. The results demonstrated that the method
provided good estimations of the apparent viscosity [19]. SVR
is a classical supervised machine learning algorithm, which
handles nonlinear modeling problems based on the kernel
method. For example, Lian et al utilized SVR to predict the
rotor thermal deformation value. The experiments proved that

the designed method dramatically improved the prediction
performance [20]. Desai et al employed SVR for soft sensor
applications in fed-batch processes. The applications indic-
ated that SVR is attractive for the development of soft sensors
in bioprocesses [21]. Zhang and Liu developed a new soft
sensor based on SVR for industrial melt index prediction.
The experimental results demonstrated the exceptional per-
formance of the proposed method [22]. However, the actual
industrial process data usually have the characteristics of com-
plicated nonlinearity, high dimension, and redundancy, which
make it difficult for the aforementioned methods with shal-
low architectures to extract complex features from industrial
process data.

In recent years, deep learning has received great atten-
tion and recognition due to its powerful feature representation
capability. Compared with traditional machine learning meth-
ods, deep neural networks with numerous hidden layers allow
the model to directly learn abstract latent feature represent-
ations from raw data and show great advantages in extract-
ing complex nonlinear features. Therefore, many deep learn-
ing methods have been introduced into industrial processes
to construct data-driven soft sensors for quality prediction,
including the stacked autoencoder (SAE), recurrence neural
network (RNN), and convolutional neural network (CNN).
Among these, the SAE is a classic unsupervised deep learn-
ing method that is composed of multiple basic autoencoders
with the pretraining and fine-tuning strategy. The SAE aims to
learn the deep high-level feature representations by hierarch-
ically reconstructing the data samples. For instance, Yuan et al
proposed a nonlinear variable-wise weighted SAE for quality-
relevant feature extraction. The experiments confirmed that
the method can learn hierarchical quality-related features [23].
Yan et al designed an SAE-based deep relevant representa-
tion learning method. The experimental results demonstrated
the effectiveness of the developed approach [24]. Liu et al
developed a novel stacked neighborhood-preserving autoen-
coder to obtain layer-wise neighborhood-preserving repres-
entations. The experiments on the hydrocracking process
showed that the proposed method attained the best results
[25]. Moreover, as one of the variants of the SAE, the stacked
denoising autoencoder (SDAE) has been introduced to capture
more critical information by recovering the original data from
corrupted data, which can learn more robust feature repres-
entations in the case of input fluctuation. Hence, many efforts
have been made to apply SDAE in industrial processes. For
example, Yan et al introduced SDAE for the measurement
of oxygen content in flue gasses. The experiments demon-
strated that the developed method achieved excellent perform-
ance as a result of capturing the essential information [26].
Ba-Alawi et al employed SDAE to monitor sustainable influ-
ent quality in wastewater treatment plants. The experimental
results verified that the SDAE showed better learning cap-
ability than the ordinary SAE [27]. Zhang et al designed a
nonlinear process monitoring method based on the SDAE.
The experiments verified that the SDAE can capture crucial
features [28]. Meanwhile, considering time-delayed feedback
control and the retention of various materials and products in
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the plants, most industrial processes are naturally dynamic and
there are strong temporal relationships between consecutive
data samples [29, 30]. The RNN is a typical deep learning
method that pays attention to temporal relationships, which
can memorize historical information due to its sequence struc-
ture [31]. Moreover, to overcome the gradient disappearance
problem, the modified variants of the RNN like the long short-
term memory (LSTM) and the gated recurrent unit (GRU)
have been widely applied in the industrial field [32–34]. For
example, Guo and Liu developed a dynamic soft sensor based
on GRUs. The experiments verified that the method can catch
the dynamic characteristics of process data and spread them
over time [35]. Han et al utilized LSTM to develop a produc-
tion capacity analysis and energy-saving method. The exper-
iments proved the validity of the proposed method in cop-
ing with time-series data [36]. Zhang and Ge designed an
encoder-decoder model based on the GRU for dynamic feature
extraction. The proposed method was successfully implemen-
ted on a cloud computing platform to analyze industrial big
data [37]. However, to capture the dynamic relevance between
far temporal sampling instants, the RNN and its variants need
a large number of memory units to store long-term depend-
ency information, resulting in highly complex model struc-
tures. Meanwhile, the recursive relationships make parallel
computing impossible for the RNN, which takes a lot of com-
puting time when handling massive process data. Alternat-
ively, theCNN is another effective deep learning model that
can capture dynamic features from industrial data. The raw
one-dimensional signal data are usually augmented into the
two-dimensional matrix data as the input of a CNN [38, 39].
Besides, since the CNN supports parallel and distributed com-
puting, the calculation speed of the CNN is much faster than
that of other sequence models, which is important to sat-
isfy the real-time requirement of soft sensors. Recently, many
industrial soft sensor applications based on CNNs have been
exploited. For instance, Geng et al developed a novel trans-
former based on a gated CNN for dynamic soft sensor mod-
eling. The experimental results showed the efficient dynamic
feature extraction capability of the proposed method [29].
Wang et al combined the finite impulse response with CNN
to build a dynamic soft sensor. The experiments demonstrated
that the method can provide the most interpretable trend of
the quality variable [40]. Yuan et al established a multichan-
nel CNN for the representation of various local dynamic fea-
tures. The experiments on the debutanizer column and hydro-
cracking process verified the feasibility and effectiveness of
the approach [41].

To sum up, recent studies have shown the advantages of
soft sensors based on deep learning. However, there are still
several disadvantages to the existing methods. On the one
hand, in the process of data acquisition and transmission in
practical industrial systems, various factors such as internal
aging of industrial equipment and external electromagnetic
radiation disturbance result in a large amount of noise mixed
into the industrial process data [5, 42]. The noisy data tre-
mendously affect the accuracy and robustness of soft sensors,

and may even submerge the actual signal data. Though the
SDAE has been applied to eliminate the effect of noise, the
existing SDAE only used the denoised features of the last
layer for the final prediction [43]. Since different layers of
the SDAE represent the denoising of input data on differ-
ent levels, the denoised features of shallow layers also have
their modeling value. On the other hand, due to changes in
raw material composition, catalyst concentration, and internal
equipment components, most industrial processes are always
operating under complex nonstationary conditions [44–46].
As a result, the industrial process data exhibit time-varying
characteristics and contain complex dynamic feature inform-
ation distributed on different timescales, which raises notable
difficulties for feature extraction. Besides, since the industrial
process data are collected from complex and nonstationary
industrial systems, deeper and more complex network struc-
tures are expected to extract more complicated features from
industrial process data. Nevertheless, experiments have found
that with the network depth increasing, serious degradation
problems may emerge and decrease the accuracy of predic-
tion [47, 48]. Therefore, it is worth considering how to develop
soft sensors based on deep learning with high performance
and robustness to deal with noisy and nonstationary industrial
processes.

To address these intractable problems, a novel denoising
and multiscale residual deep network (DMRDN) is proposed
for soft sensor modeling. The network mainly consists of
two parts, i.e. a SDAE with level-aware attention (SDAE-LA)
and a multiscale residual CNN with scale-aware attention
(MRCNN-SA). Firstly, the SDAE-LA is developed to denoise
the raw process data. Specially, the SDAE is used to hier-
archically learn denoised features from the corrupted pro-
cess data, in which denoised features of hidden layers are
the representations of input on different levels and all con-
tribute to building the prediction model. Then, level-aware
attention is employed to quantify the contributions of different
hidden layers and integrate the denoised features on different
levels. The denoised features obtained in this way are steady
and robust for subsequent soft sensor modeling. Secondly,
the MRCNN-SA is designed to further extract the multiscale
deep feature representations from the denoised features. In
the MRCNN-SA, a CNN with multiple convolutional kernels
on different scales is employed to simultaneously capture the
dynamic characteristics on different time scales. Meanwhile,
the residual connection is utilized tomake the networks applic-
able for learning deep features and concurrently overcome the
performance degradation problem. Furthermore, scale-aware
attention is employed to reveal the importance of different
scales and fuse the complementary features of different scales.
Thus, the complex multiscale feature representations can be
adaptively captured from time-varying industrial processes,
which improves the robustness and generalization ability even
under nonstationary industrial conditions. Finally, the fused
multiscale deep features are fed to the fully connected net-
work to obtain the final quality prediction results. To verify
the performance of the proposed method, the experiments are
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conducted on an actual industrial data set of the debutanizer
column. The experimental results illustrated that the prediction
performance of the proposed method is superior to other com-
monly used traditional machine learning methods and deep
learning methods. Additionally, the effect of each compon-
ent in the proposed DMRDN is also investigated. The results
confirm that the DMRDN is an effective soft sensor modeling
method with good denoising performance and powerful fea-
ture extraction capability.

The main contributions of this paper are summarized as
follows.

(a) An end-to-end soft sensor modeling framework is pro-
posed for quality prediction in industrial processes in
consideration of the noisy and nonstationary industrial
conditions. The proposed framework conduces to the
improvement of product quality and optimization of pro-
cess control.

(b) A novel deep learning method named DMRDN that com-
bines a SDAE-LA and a MRCNN-SA is designed. The
SDAE-LA is utilized to extract and integrate denoised fea-
tures on different levels, which can eliminate the effect of
noise. In addition, the MRCNN-SA is developed to learn
and fuse deep multiscale feature representations, which
contain short-term and long-term dynamic features.

(c) The proposed DMRDN is evaluated through experiments
on the industrial debutanizer column. The results and com-
prehensive analysis validate that the proposed method can
achieve the most accurate and stable prediction compared
with other traditional machine learning methods and deep
learning methods.

The remaining parts of this paper are organized as follows.
Section 2 describes the proposed method for soft sensors. In
section 3, the details of the experimental data set from a real
industrial process are given. In section 4, the experimental res-
ults are presented and analyzed . Finally, section 5 summarizes
the conclusions and future directions of the work.

2. The proposed soft sensor

2.1. Overall framework

Soft sensors are playing an increasingly important role in
estimating the production quality in industrial processes,
which is conducive to improving the production processes.
As an effective tool, deep learning has stimulated many stud-
ies that proposed various soft sensors for the measurement of
quality variables. However, existing methods are still faced
with some nonnegligible problems under noisy and non-
stationary industrial conditions. On the one hand, noise often
exists in industrial process data, which seriously affects the
performance of soft sensors. Although some methods have
been developed to alleviate noisy data, few of them pay
attention to the denoised features of different layers. On the
other hand, the nonstationary industrial environment leads
to complex and changeable feature information in process

data, which cannot be effectively captured in current deep
learning methods. In this paper, we propose the DMRDN to
handle the noisy and nonstationary industrial conditions for
soft sensor modeling. The overall framework of the proposed
method is illustrated in figure 1, which can be summarized as
follows.

(a) Data acquisition: the industrial process data are collected
over a continuous period for soft sensor modeling. The
process variable data are acquired by physical sensors,
while the quality variable data are acquired by offline
laboratory analysis.

(b) SDAE-LA: SDAE is utilized to hierarchically extract crit-
ical features and filter irrelevant noise information, where
denoised features on different levels are obtained. Then,
level-aware attention is developed to quantify the contri-
butions of the multilevel denoised features and integrate
them with different weights.

(c) MRCNN-SA: the integrated denoised features are aug-
mented and fed into the MRCNN to further extract deep
dynamic feature representations from multiple timescales.
Then, scale-aware attention is employed to reveal the
importance of each scale and fuse the multiscale features
with different weights. Finally, the fused features are input
into the fully connected network to obtain the prediction
results.

2.2. Data acquisition

To establish the soft sensor, it is necessary to collect a certain
amount of data about process variables and quality variables.
The process variables, like temperature, pressure, and flow
are determined according to theoretical analysis and operator
experience. In industrial plants, distributed measuring sys-
tems are installed to monitor these process variables, whose
detailed values are recorded at a certain sampling frequency
from the analog signals of sensor devices. Then, the recor-
ded data are transmitted to the server through communica-
tion protocols and stored in industrial databases. Meanwhile,
since the quality variables are difficult to obtain directly by
sensor devices, the values of quality variables are measured
and recorded through offline laboratory analysis, which usu-
ally consumes more time and is more costly.

2.3. SDAE-LA

In industrial systems, many devices are installed to collect
the values of some process variables that are easy to meas-
ure for the estimation of important quality variables. Due to
random disturbances of the internal and external environment
in industrial processes, the collected industrial process data
are often mixed with noise. Since the SDAE learns hidden
feature representations from corrupted data, it can eliminate
the interference of noisy data to a certain extent [49]. How-
ever, most methods have just utilized the last hidden layer
for subsequent quality prediction, which ignores the modeling
value of other layers. To quantify the contributions of each
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Figure 1. The framework of the proposed DMRDN.

hidden layer and take full advantage of the denoised features,
level-aware attention is embedded into the SDAE to construct
the SDAE-LA, which can learn multilevel denoised feature
representations from the original data.

The first step of the SDAE-LA is to obtain denoised
features through multiple stacked DAEs, which hierarchic-
ally recover the original process data from the corrupted
data in an unsupervised manner. Suppose that we are given
the original industrial process data D= {(xt,yt)}Tt=1, where
xt = [x1t ,x

2
t ,x

3
t , . . . ,x

N
t ] ∈ RN×T is collected at tth time with

N process variables, and T is the total number of process
samples. Thus, the corrupted industrial process data can be

denoted as D̄= {(x̄t,yt)}Tt=1, where x̄t = [x̄1t , x̄
2
t , x̄

3
t , . . . , x̄

N
t ] ∈

RN×T is addedwith someGaussian noise. As shown in figure 1,
firstly, the noise-added process variable data are input into
the first DAE, which are encoded to be transferred into hid-
den feature representations via nonlinear mapping. The fea-
ture representations in the hidden layer of the first DAE can
be denoted as ht,1 = [h1t,1,h

2
t,1,h

3
t,1, . . . ,h

dh
t,1] ∈ Rdh×T, where dh

is the dimension of the hidden feature vectors. The calculation
process of encoding is as follows:

ht,1 = fe (We,1x̄t+ be,1) (1)
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Figure 2. The network structure of level-aware attention.

where fe is the nonlinear activation function such as a sigmoid
function and a tanh function. We,1 and be,1 are the paramet-
ers of the weight matrix and bias for the encoder phase of the
first hidden layer, respectively. Then, the feature vector ht,1
is decoded to map back to the original process variable data,
which are calculated as:

x̃t = fd(Wd,1ht,1 + bd,1) (2)

where x̃t = [x̃1t , x̃
2
t , x̃

3
t , . . . , x̃

N
t ] ∈ RN×T represents the recon-

structed input vectors, and fd, Wd,1, and bd,1 are the activa-
tion function, weight matrix, and bias for the decoder phase of
the first hidden layer, respectively. To optimize the paramet-
ers and obtain the denoised hidden features, the reconstruction
error between the original process data and the reconstructed
process data is minimized. Thus, the following loss function
is minimized by the backpropagation algorithm:

J(We,1,be,1,Wd,1,bd,1) =
1
2T

T∑
t=1

∥xt− x̃t∥2. (3)

In this way, the first DAE is established, and the corresponding
first-level denoised feature vector ht,1 from process variable
data can be obtained. Then, some noise is added to ht,1 and
used as the input of the second DAE, and the above encod-
ing, decoding, and loss computation processes are repeated to
obtain the denoised feature of the second hidden layer ht,2.
In this successive way, the process data are denoised hier-
archically, and the denoised features on different levels are
learned progressively from the original observed process vari-
able data by layer-wise training. For the SDAE-LA with L
DAEs, the denoised feature sequence from different layers
ht = [ht,1,ht,2, . . . ,ht,L] ∈ RL×dh is learned.

Since each DAE in different layers of the SDAE is trained
in sequential order, the denoised features obtained from dif-
ferent layers reflect the denoising of process variable data
on distinct levels. It means that the denoised features from
each hidden layer of the SDAE contain useful information and
have different contributions to the final quality prediction, and
the denoised features of shallow layers should also be util-
ized [50]. Hence, it is necessary to appropriately take advant-
age of all denoising layers for improving the performance of

industrial data denoising. To achieve this, level-aware atten-
tion is introduced to measure the importance of different lay-
ers. The core of level-aware attention is to obtain information
that needs to be focused on and suppressed from the denoised
features. It calculates the weight for denoised features of each
layer, and then the sequence features are merged according
to their weights. Significantly, the advantage of the attention
mechanism over conventional methods is that it is executed on
a sample level, which means a different importance can be dis-
tinguished for each prediction [51]. Besides, level-aware atten-
tion is based on multi-head attention, which is an improve-
ment of the self-attention mechanism [52]. Compared with
single-head attention, multi-head attention learns the correl-
ative representation information from different subspaces at
different positions, and can learn more abundant feature rep-
resentations. Moreover, the multiple independent heads can
be regarded as having the ensemble function, which can pre-
vent overfitting and improve the generalization ability. Mean-
while, although the features are mapped into multiple heads
to calculate attention values, the number of weight paramet-
ers in multi-head attention is consistent with that of single-
head attention with full dimensionality since the dimension
of each head is reduced [52]. Therefore, multi-head attention
has a more powerful representation ability and simultaneously
maintains a similar computational cost similar to single-head
attention.

As illustrated in figure 2, the denoised features of different
layers ht are projected to ht = [h1t ,h

2
t , . . . ,h

h
t . . . ,h

H
t ] ∈ RL×dh/H

withH heads for linear transformation. In each projection part,
the attention calculation is conducted to assign the weight for
denoised features of each layer. Then, the attention weights in
all heads are concatenated together. The mathematical forms
of the calculation are shown as follows:

αht = softmax
(
W h

Qh
h
t

(
hhtW

h
K

)T)
(4)

DAh
t = αht h

h
tW

h
V (5)

mt = Concat
(
DA1

t ,DA
2
t , . . . ,DA

H
t

)
(6)

where W h
Q, W

h
K, and W

h
V are the projection parameters in the

hth head. αht ∈ R1×L is the attention weights in the hth head
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for each layer, and mt is the obtained multilevel denoised fea-
tures. In this way, denoised features on different levels are
fully integrated and utilized to strengthen the robustness in the
face of noisy data for subsequent soft sensor modeling.

2.4. MRCNN-SA

Through the above data-denoising by the SDAE-LA, the
denoised features m= [m1,m2, . . . ,mt, . . . ,mT] ∈ RT×dh can be
obtained. In consideration of the dynamic characteristics of
industrial processes, the CNN has been extensively applied in
soft sensors, and has shown excellent performance in automat-
ically capturing the dynamic features from augmented two-
dimensional matrix samples [53]. With the particular advant-
ages of local connection and weight sharing, CNN can extract
deep abstract feature representations with fewer model para-
meters. However, industrial systems are usually operating
under non-ideal conditions, and the process behaviors such
as materials variation, catalyst degradation, and mechanical
abrasion change frequently, The nonstationary industrial con-
ditions lead to variable process characteristics, which means
the dynamic relevance of process data may not always be on
the same scale. The traditional CNN usually used one fixed
convolution kernel size to analyze the process data, which is
not applicable for the variable industrial processes. In addi-
tion, due to the complicated and nonstationary industrial con-
ditions, deeper networks are essential to extract more complex
and deeper representations from industrial process data. Nev-
ertheless, it has been proven that when the number of net-
work layers increases gradually, the accuracy tends to a max-
imum and then degrades, and adding more network layers
leads to worse performance, which is known as the network
degradation problem [47, 48]. For solving the above problems,
the MRCNN-SA is designed to capture the deep dynamic
representation features with various scales and residual
connection.

Firstly, the primary one-dimensional feature vectors
obtained from the SDAE-LA are augmented into two-
dimensional feature matrices using a sliding window based
on a time lag, which means that the features at the previous
sampling times are utilized to predict the quality variable at
the current time. In this way, the augmented two-dimensional
feature matrices contain information from previous samples,
from which the dynamic characteristics of industrial pro-
cess data can be captured. Given the quality variable yt at
the tth sampling moment, the corresponding feature vec-
tor is mt = [m1,m2,m3, . . . ,mdh ]. Then, the augmented two-
dimensional matrix features at the tth time based on time
series can be organized as:

Mt =


mt−I
...

mt−1

mt

=


m1
t−I,m

2
t−I,m

3
t−I, . . . ,m

dh
t−I

...
m1
t−1,m

2
t−1,m

3
t−1, . . . ,m

dh
t−1

m1
t−0,m

2
t−0,m

3
t−0, . . . ,m

dh
t−0

 (7)

where I is the selected time step size of the used sliding
window, which represents the number of utilized previous
samples.

Then, the augmented features are fed to the multiscale
residual CNN to further extract the multiscale deep features
of the process data. As shown in figure 1, the multiscale resid-
ual CNN in the proposed method consists of multiple parallel
CNN branches. The different branches are constructed with
different sizes of convolution kernels, which enable convolu-
tion layers to learn short-term and long-term dynamic features
from different time scales. For each branch, the augmented
sample Mt is input to the convolution layers to obtain the fea-
ture maps, which are expressed as:

yt = fc(Ws⊗Mt+ bs) (8)

where⊗ represents the convolution operation, which can filter
useful information from process data.Ws and bs are the convo-
lution kernel and bias of the sth branch, respectively. fc is the
nonlinear activation function, which refers to the LeakyReLU
function used in this paper to retain relevant features and filter
uncorrelated features. Generally, the shallow convolution lay-
ers only capture low-level features while the deep convolution
layers can capture more complex and high-level features. To
extract more complicated and deeper features, more convolu-
tion layers are required to form deep CNN networks. Thus,
the residual connection is embedded in every two convolu-
tion layers to construct residual CNN blocks, which can form
deep network structures while avoiding the degradation prob-
lem [48]. In each branch, there are several sequentially con-
nected residual CNN blocks, which are replaced by an ellip-
sis in figure 1. The basic residual CNN block is formalized as
follows:

rs,j =Ws,j⊗ fc(Ws,j−1 ⊗ x+ bs,j−1)+ bs,j (9)

cs,j = fc(rs,j+W1×1
s ⊗ x+ bs) (10)

where j is the index of the convolution layer and cs,j is the
output of the residual CNN block to which the jth convolution
layer of the sth branch belongs.W1×1

s,j represents the 1× 1 con-
volution kernel that is performed to match the input and output
dimensions in the residual block and ensure the implementa-
tion of the connection operation. In this way, when the residual
value of a certain layer is 0, the layer is equivalent to iden-
tity mapping, which can avoid the gradient vanishing prob-
lem.Meanwhile, the residual learning structure makes it easier
than the traditional structures for the networks to learn features
, which simplifies the training process of complex deep net-
works. Besides, at the end of each CNNbranch, a pooling layer
is added to reduce the dimension of feature space and prevent
overfitting. The average pooling operation, which uses aver-
age value in the local region as the output, is chosen in this
paper to simplify the feature representations. Then, the out-
put feature maps of each branch are flattened to vectors as the
obtained features on each scale. For different CNN branches
with different convolution kernel sizes, the feature represent-
ations of process data from different views with multiscale
can be learned, and are denoted as ct = [c1,c2, . . . ,cS] ∈ RS×dc ,
where S is the number of scales and dc is the dimension of the
obtained features on each scale.
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Figure 3. The network structure of scale-aware attention.

Since the variations of industrial processes are usually
disorderly and elusive, the effect of features on each scale
for the quality prediction is inconsistent. To fuse the extrac-
ted complementary multiscale features, it is not advisable to
simply add the features of different scales directly, which may
ignore important information. Therefore, to fuse the features
of different scales appropriately, scale-aware attention is intro-
duced, which is also based on the multi-head attention mech-
anism. The feature representations of various scales are input
into the scale-aware attention network to calculate the weight
of each scale and add them according to the weights. Since the
weight parameters reflect the importance of each scale, the net-
work can pay more attention to information onmore important
scales.

As illustrated in figure 3, the deep multiscale features ct
are projected to ct = [c1t ,c

2
t , . . . ,c

h
t . . . ,c

H
t ]withH heads for lin-

ear transformation, where cht ∈ RS×dc/H. The attention values
of multiscale features on each scale are calculated parallelly
in each projection part, then, the attention values in all heads
are concatenated together. The calculation formulas are as
follows:

βht = softmax
(
W h

Qc
h
t

(
chtW

h
K

)T)
(11)

SAh
t = βht c

h
tW

h
V (12)

ot = Concat
(
SA1

t ,SA
2
t , . . . ,SA

H
t

)
(13)

where W h
Q, W

h
K, and W

h
V are the projection parameters in the

hth head. βht ∈ R1×S is the attention weights in the hth head for
each scale, and ot is the fused multiscale feature representa-
tions. The scale-aware attention enables the proposed method
to adaptively distinguish whether features on a certain scale
are more or less important for each sample, and the fused
multiscale features can well reflect the current industrial pro-
cess states.

Finally, the fused multiscale features are used as the input
of the fully connected regression network. To reduce the
parameters and avoid the overfitting problem, only one fully
connected layer is used to obtain the ultimate prediction
results.

For model training, the loss function with the mean
square error is used as the objective function. Meanwhile,
L2 regularization is added to smooth the network and avoid

Table 1. Pseudo-code of the proposed algorithm.

Input: Original dataset D= {(xt,yt)}Tt=1, t = 1, 2, ···, T;
Hyperparameter set P;
Number of denoising autoencoders L;
Sliding window size I
Number of convolution kernel scales S;

Output: Predicted quality variable ŷt

Processing:
for t ∈ {1,2, . . . ,T} do
for l ∈ {1,2, . . . ,L} do
if l == 1 then
Denoised features ht,l← DAEl (xt);

else then
ht,l← DAEl (ht,l-1);

end if
end for
Multilevel denoised features mt← Level-aware attention
(ht,1, ht,2, …, ht,L);
for s ∈ {1,2, . . . ,S} do
Mt← concat (ht-I, ht-I+1, …, ht)
ct,s← Residual convolution layers (Mt);
ct,s, sesidual convolution layct,s);

end for
Multiscale deep features o(t)← Scale-aware attention
(ct,1, ct,2, …, ct,S);

Predicted quality variable ŷt← Linear layer (ot);

end for

overfitting caused by the excessive complexity of the soft
sensor model. Therefore, the eventual form of the objective
function is formalized as:

Loss(θ) =
1

Ttrain

Ttrain∑
t=1

(ŷtraint − ytraint )
2
+λ∥θ∥2 (14)

where ŷtraint and ytraint are the predicted value and target value of
the training set, respectively. λ is the penalty coefficient of the
regularization term, and θ is the parameter set to be learned.
Besides, the Adam optimizer is applied in the backpropagation
algorithm, which is conducive to accelerating the convergence
of the model.

Table 1 shows the pseudo-code of the proposed algorithm.
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Figure 4. Schematic of the debutanizer column.

3. Experiments

3.1. Experimental data set

To verify the effectiveness of the proposed soft sensor, rel-
evant experiments were carried out on actual industrial pro-
cess data from a debutanizer column. The debutanizer column
is an important component of the petroleum refining process
that is designed for desulphurization and naphtha cracking.
Figure 4 shows the schematic flowchart of the debutanizer
column, which mainly consists of six devices: heat exchanger,
bottom reboiler, overhead condenser, feed pump to the splitter,
head reflux pump, and reflux accumulator. Meanwhile, sev-
eral hardware sensors indicated with circles in figure 4, are
physical sensors installed on the plant to measure some reg-
ular variables, such as temperature, pressure, and flow. The
main purpose of the debutanizer column is to remove propane
(C3) and butane (C4) from the naphtha stream. The minimiz-
ing of C4 content in the debutanizer bottom is significant to
ensure product quality and increase economic benefits [54].
Therefore, it is essential to estimate the concentration of C4
in real-time for effective control and optimization. However,
the C4 concentration is not measured directly at the debutan-
izer bottom, but is usually measured by gas chromatographs
at the overhead of the debutanizer column. The distant ana-
lyzer location leads to a long time delay. To cope with the
timely measurement problems, soft sensors have been adop-
ted to implement online estimation of the C4 concentration
for real-time process control. For this purpose, seven typical
process variables measured by hardware sensors are selected
as the inputs for soft sensors, which are given in table 2 with
their corresponding descriptions. Moreover, in order to obtain
more accurate estimation values, the process dynamics are fur-
ther considered in this paper. In other words, on the basis of

Table 2. Process variable description for soft sensors in debutanizer
column.

Variable Detailed description

X1 Top temperature
X2 Top pressure
X3 Reflux flow
X4 Flow out of the process
X5 6th tray temperature
X6 Bottom temperature A
X7 Bottom temperature B

the input variables and previous input and output samples, new
variables are added as the raw input variables. The ultimate
input variables for the proposed method are designed as:


x1(t),x2(t),x3(t),x4(t),x5(t),x5(t− 1),

x5(t− 2),x5(t− 3),(x6(t)+ x7(t))/2,

y(t− 1),y(t− 2),y(t− 3),y(t− 4)

 . (15)

In [55], the detailed procedures to obtain these additional
variables have been described. In this paper, a total of 2368
data samples were collected from the debutanizer column, of
which 70% served as the training set and the remaining served
as the testing set.

3.2. Evaluation metrics

To evaluate the performance of the proposed soft sensor,
two common evaluation metrics of regression analysis were
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Table 3. Details about the parameter settings.

Method Parameters

SVR Kernel: rbf; C: 8; gamma: 0.05.
ANN Number of hidden layer neurons: 7.
SAE Number of hidden layer neurons: 12-7-5.
SDAE Number of hidden layer neurons: 12-7-5;

mean/standard deviation of added noise: 0/0.1.
RNN Number of hidden layer neurons: 7.
CNN Depth of convolutional layers: 5; number/size/stride

of kernels: 2/5/1, 2/5/1, 2/5/1, 4/5/2, 4/5/1; pooling
size/stride: 2/2.

SDAE-CNN SDAE: number of hidden layer neurons: 12-12-12;
mean/standard deviation of added noise: 0/0.1.
CNN: depth of convolutional layers: 5;
number/size/stride of kernels: 2/5/1, 2/5/1, 2/5/1,
4/5/2, 4/5/1; pooling size/stride: 2/2.

DMRDN SDAE: number of hidden layer neurons: 12-12-12;
mean/standard deviation of added noise: 0/0.1.
CNN: depth of convolutional layers: 5;
number/size/stride of kernels: 2/3/1, 2/3/1, 2/3/1,
4/3/2, 4/3/1; 2/4/1, 2/4/1, 2/4/1, 4/4/2, 4/4/1; 2/5/1,
2/5/1, 2/5/1, 4/5/2, 4/5/1; 2/6/1, 2/6/1, 2/6/1, 4/6/2,
4/6/1; 2/7/1, 2/7/1, 2/7/1, 4/7/2, 4/7/1; pooling
size/stride: 2/2.

adopted in this paper. One of them is the root mean squared
error (RMSE), which is defined as:

RMSE=

√√√√ Ttest∑
t=1

(ytestt − ŷtestt )
2

Ttest
(16)

where ŷtestt and ytestt are the predicted and target output value
of the tth testing sample, respectively, and T is the total num-
ber of the testing set. The RMSE was used to judge the error
between the target value and the predicted value, and a smal-
ler RMSE value generally indicates better predictive perform-
ance. Another index used in this paper is the determination
coefficient R2, which is defined as:

R2 = 1−

Ttest∑
t=1

(ytestt − ŷtestt )
2

Ttest∑
t=1

(ytestt − ȳtestt )
2

(17)

where ȳtestt is themean value of the output variable in the testing
set. The R2 reflects the fitting degree of the predicted values for
the true values, and a better method provides a larger R2.

3.3. Experiment procedure

In the experiments, we contrasted the proposed DMRDN with
the competitors including the ANN and SVR in the field of tra-
ditional machine learning, as well as the SAE, SDAE, RNN,
CNN, and SDAE with CNN (SDAE-CNN) in deep learning.
The detailed parameters of each method are shown in table 3.
To further verify the denoising ability of the proposed method,

Table 4. Prediction results of different methods.

RMSE R2

Methods Mean SD Mean SD

ANN 0.0694 0.0051 0.8520 0.0224
SVR 0.0743 0.0021 0.8311 0.0090
SAE 0.0662 0.0029 0.8616 0.0142
SDAE 0.0630 0.0025 0.8786 0.0096
RNN 0.0640 0.0044 0.8744 0.0174
CNN 0.0542 0.0082 0.9084 0.0304
SDAE-CNN 0.0532 0.0062 0.9124 0.0190
DMRDN 0.0379 0.0013 0.9561 0.0032

Gaussian noise was added to the testing dataset to stimulate the
complex noise in actual industrial processes. The mean value
of the added Gaussian noise is 0 and the standard deviation is
0.2. For training the abovementioned models, the early stop-
ping criteria and dropout, set as 0.5, were applied to allevi-
ate overfitting. Moreover, to reduce the impact of randomness,
ten repeated experiments were carried out for each model with
different random seeds. The average values of the prediction
performance were calculated to obtain the final results. In this
paper, all the experiments were implemented by Python 3.8
with a Xeon-E5-2620 CPU and NVIDIA-Tesla-K80 GPU.

4. Results and discussion

4.1. Results

The performance comparisons of the above methods are sum-
marized in table 4, in which the mean and standard devi-
ation (SD) of the eight independent experimental results are
recorded.

It can be seen from the results in table 4 that the pro-
posed method outperforms other compared methods. Firstly,
in comparison with the conventional machine learning meth-
ods including ANN and SVR, the deep learningmethods attain
better prediction accuracy results. Secondly, the RMSE and R2

of the SDAE-CNN that integrates SDAE and CNN are 0.0532
and 0.9124, respectively, which provides a more accurate pre-
diction performance compared with the commonly used deep
learning methods (SAE, SDAE, RNN, and CNN). Thirdly,
the proposed method with RMSE of 0.0379 and R2 of 0.9561
shows better prediction accuracy than other methods, and the
standard deviations of the DMRDN are smaller than other
methods, which indicates it has the best performance and sta-
bility. This is because the DMRDN takes full advantage of
the denoising and multiscale residual network, and is more
stable and robust under noisy and nonstationary industrial con-
ditions. The detailed prediction results on the testing data set of
the proposed method and other compared methods are shown
in figure 5, where the red curve represents the true values of
the quality variable and the blue curves represent the predicted
values of different methods.

As shown in figure 5, the predicted curve of the pro-
posed DMRDN tracks the true curve better with smaller errors
compared to the other methods. Firstly, we can see from
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Figure 5. The predicted curves of the methods: (a) ANN, (b) SVR, (c) SAE, (d) SDAE, (e) RNN, (f) CNN, (g) SDAE-CNN, and
(h) DMRDN.

figures 5(a) and (b) that the ANN and SVR do not fit the true
values well, and there are large gaps between the predicted val-
ues and the true values. Secondly, as shown in figures 5(c)–(e),
although the prediction curves of the SAE, SDAE, and RNN
roughly track the changing trend of the true curve, the predic-
tion curves of the threemethods fluctuate greatly, whichmeans

that there are large prediction errors between the predicted val-
ues and the true values at some sample points. Thirdly, from
figures 5(f) and (g), we can find that although the prediction
curves of the CNN and the SDAE-CNN are smoother with less
fluctuation, which may result from the filtering function of the
CNN, the prediction curves do not track the true curve well,
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Figure 6. The improvement comparison of different methods in terms of the RMSE and R2.

Table 5. Prediction results of ablation study.

RMSE R2

Methods Mean SD Mean SD

SDAE-MRCNN-SA 0.0442 0.0036 0.9398 0.0100
SDAE-LA-MRCNN 0.0457 0.0017 0.9361 0.0048
SDAE-LA-RCNN-SA 0.0477 0.0038 0.9302 0.0109
SDAE-LA-MCNN-SA 0.0428 0.0039 0.9437 0.0105
DMRDN 0.0379 0.0013 0.9561 0.0032

especially at some extreme points. Finally, figure 5(h) shows
the prediction curve of the proposed method where it can be
seen that the proposed DMRDN shows excellent performance
in tracking the true trend of quality variables, and simultan-
eously the prediction curve has little fluctuation, which means
the overall prediction error of the DMRDN is smaller com-
pared with other methods. Therefore, it can be concluded that
the proposed DMRDN has the best fitting ability and predic-
tion accuracy.

4.2. Discussion

4.2.1. Evaluation of different benchmark methods. In order
to quantitatively evaluate the superiority of the proposed
DMRDN,we calculate the performance improvement percent-
age of the above experimental methods with the ANN as a
benchmark. The improvement percentage of the RMSE and
R2 are given in figure 6.

Firstly, as shown in figure 6, SVR as a machine learn-
ing method shows poorer performance than the benchmark
method, while the deep learning methods show better per-
formance than the benchmark method. The main reason is that
deep learning methods with deep network structures are more
powerful in feature extraction and can learn more abstract
feature representations than those with shallow structures.
Secondly, comparing the improvement of the SAE and SDAE,

it can be concluded that with the denoising ability, the SDAE
is more suitable for soft sensors. Thirdly, compared with the
benchmark method, the RNN and CNN take the dynamics of
process data into consideration and their RMSE is improved
by 7.78% and 21.90%, and R2 is improved by 2.63% and
6.2%, respectively. Moreover, by combining the SDAE and
CNN, the SDAE-CNN obtains a higher improvement than
the two alone. This is because the SDAE cannot capture the
dynamic characteristics, and the CNN directly extracts fea-
tures without a special denoising operation. More importantly,
the proposed DMRDN improves the most: RMSE and R2 are
improved by 45.39% and 12.22%, respectively. The DMRDN
benefits from the superiority of the denoising and multiscale
residual structure and will be further analyzed in subsequent
sections.

4.2.2. Ablation study. To verify the contribution of each
component in the proposed DMRDN, ablation experiments
were conducted. For comparative experiments with the
proposed method, SDAE-MRCNN-SA, SDAE-LA-MRCNN,
SDAE-LA-RCNN-SA, and SDAE-LA-MCNN-SA methods
were established, which removed the level-aware attention, the
scale-aware attention, the multiscale kernels, and the resid-
ual connection, respectively. The mean and standard devi-
ation (SD) of the ablation experimental results are shown in
table 5.
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Figure 7. The scatterplot of predicted value and ground truth of the
ablation study results.

The RMSE and R2 values in table 5 demonstrate that the
removal of any component results in a decrease in the over-
all performance of the proposed method. Specially, the accur-
acy of the SDAE-LA-RCNN-SA method that removes the
multiscale kernels decreases the most, as its RMSE and R2

decrease by 25.86% and 2.71%, respectively. Moreover, to
further compare their fitting ability, the fitting scatter diagram
of the above models is shown in figure 7.

The results from figure 7 confirm that the DMRDN per-
forms the best in fitting the true value compared with other
methods that eliminate a certain part as its scatterplot data
points are distributed closest to the baseline. In conclu-
sion, each component of the proposed method is indispens-
able in the entire architecture and in achieving the overall
performance.

4.2.3. Evaluation of denoising effects. Since industrial pro-
cess data often contain noise, the proposed DMRDN utilizes
the SDAE-LA module to denoise the process data. To eval-
uate the denoising ability of the proposed method in differ-
ent noise environments, we compared the prediction accuracy
of the SAE, SDAE, RNN, CNN, MRCNN-SA (without spe-
cial denoising operation), SDAE-MRCNN-SA, and the pro-
posed DMRDN under three different noise distributions. In
this section, the three different distributions of noise added
to the testing data set are Gaussian noise with a mean value
of 0 and standard deviation of 0.2 (N1), Gaussian noise with
a mean value of 0.1 and standard deviation of 0.1 (N2), and
noise with simultaneous addition of N1 and N2 (N3). The pre-
diction results of different models are given in figure 8.

It is obvious from figure 8 that the proposed DMRDN
achieves the best prediction performance for each noise dis-
tribution, even if the noise distributions are different from that
in our DMRDN training. Firstly, since the noiseN3 is the addi-
tion of N1 and N2, its noise distribution is more complex. The
performance of eachmethodwithN3 is inferior to that withN1
and N2. For example, compared with the RMSE of the SAE

with N1 and N2, the RMSE of the SAE with N3 decreases
by 18.99% and 17.37%, respectively. This indicates that the
noise affects the feature extraction of the model and decreases
the accuracy. Secondly, the performance of the SDAE is more
accurate than the SAE under each noise distribution, which
shows that the features extracted by the SDAE are more robust
when encountering noise due to its feature extraction ability
from noise-added data. Finally, it can be seen that the pre-
diction results of the proposed DMRDN are better than the
SDAE-MRCNN-SA method in terms of the RMSE and R2,
where DMRDN obtains improvements of 21.30% and 3.23%
with N3, respectively. This verifies the effectiveness of util-
izing multilevel denoised features to predict the target values.
The SDAE-MRCNN-SA denoises the process data via ordin-
ary SDAE, which only utilizes the features of the last hid-
den layer. In contrast, considering the denoised features of
different layers, all contribute to the prediction and the pro-
posed method takes advantage of all hidden layers and adapt-
ively integrates different levels of the denoised features by the
developed level-aware attention, which effectively improves
the performance.

Additionally, to intuitively show the importance of different
denoising layers, the level-aware attention values that repres-
ent their contributions were visualized. We randomly selected
six samples to calculate the average attention weights from
multiple heads, and their weights are visualized in figure 9.
The x-axis and y-axis of figure 9 represent the three layers
used and the six samples, respectively. Each pixel represents
the attention weight of the lth layer for the yth sample, and a
lighter pixel indicates a larger weight.

As shown in figure 9, it can be concluded that the differ-
ent layers have different weights for each prediction, and the
weight of the higher layer is not always larger. For example,
for the y3 sample, the L1 layer has the maximal weight while
the L3 layer has the minimal weight, which indicates that the
L1 layer is relatively more useful for quality prediction. For
the y6 sample, we can observe that the L2 layer plays a more
important role than the L1 layer and the L3 layer. Hence, integ-
rating different denoising layers is a more effective way to pre-
dict the quality variables than just utilizing the last layer.

4.2.4. Evaluation of multiscale. Since process states gener-
ally show great variations due to nonstationary industrial con-
ditions, it is necessary to consider the multiscale information.
In the DMRDN proposed in this paper, multiscale convolu-
tional kernels are employed to extract multiscale features from
process data. To analyze the effects of different scale numbers
in the DMRDN on the prediction performance, different scales
ranging from two to six were considered. The experimental
results of the proposed method with the different numbers of
scales are shown in figure 10.

On the one hand, the results from figure 10 show that the
proposed DMRDN from two to six scales is always superior to
the SDAE-LA-RCNN with single scale in section 4.2.2. The
single scale convolution kernel can only learn the feature rep-
resentations on a certain scale, while multiscale convolution
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Figure 8. The (a) RMSE and (b) R2 of different models for the three noise distributions.

kernels capture multiscale information from different time
scales. On the other hand, we can observe that from twoto
five scales, the RMSE and R2 of the DMRDN increase from
0.0421 and 0.9458 to 0.0379 and 0.9561, respectively, and as
more scales are adopted, the proposed method shows better
prediction performance. Since the increase of in the number
of scales used results in more model parameters, the proposed
method accomplishes peak performance with five scales, and
the accuracy decreases slightly with six scales, which may res-
ult from overfitting caused by model structures which are too
complex.

Moreover, scale-aware attention is embedded in the pro-
posed DMRDN to intuitively inspect the relationship between
features of different scales and the prediction task. To visualize
the importance of different scales, six samples were randomly
selected to calculate the average attention values frommultiple

heads, which are shown in figure 11. The x-axis and y-axis of
figure 11 represent the five scales used and the six samples,
respectively, and each pixel represents the attention weight of
the sth scale for the yth sample.

It can be seen in figure 11 that the features of different scales
all play a certain role in the prediction, and the importance
of the scales is distinct in predicting the quality of different
samples. For example, for the y4 sample, the scales that have
the minimal and maximal weights are S4 and S5, and their val-
ues are around 0.15 and 0.26, respectively. For the y5 sample
and the y6 sample, the S4 and S1 scales are the most important,
respectively. For the y3 sample, the weights of the five scales
are similar. Therefore, it is necessary to employmultiscale ker-
nels for multiscale dynamic feature extraction and to integrate
the complementary features of different scales according to
their importance.
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Figure 9. The level-aware attention values of six samples found by the DMRDN.

Figure 10. The RMSE and R2 of the proposed DMRDN with different scales from two to six.

Figure 11. The scale-aware attention values of six samples found by
the DMRDN.

4.2.5. Evaluation of residual connection. Residual connec-
tion is used in the proposed DMRDN to alleviate the possible
degradation problem caused by the increase of CNN layers. To
verify the effect of residual connection, the proposed method
and the compared SDAE-LA-MCNN-SA without residual

connection were tested with different depths of convolution
layers. The results are shown in figure 12.

As can be seen from figure 12, for both the DMRDN and
SDAE-LA-MCNN-SA, the prediction performance increases
with the depth of convolution layers at the beginning. The
main reason is that more convolution layers can learn more
complex and abstract features that are helpful in quality
prediction. However, when the depth of convolution lay-
ers of SDAE-LA-MCNN-SA exceeds four, its performance
decreases, which indicates the possible degradation problem.
Significantly, the performance of the proposed DMRDN con-
tinues to improve with the increase of depth from one to five,
and the accuracy of the DMRDN with residual connection
is always higher than SDAE-LA-MCNN-SA. Compared with
the RMSE of SDAE-LA-MCNNSA with convolution layers
from one to five, the RMSE of DMRDN with convolution
layers from one to five increases by 0.88%, 6.18%, 9.03%,
10.51%, and 12.87%, respectively. This is because the residual
network utilizes the features of previous layers and is expected
to learn the residuals, which are easier to learn than the ori-
ginal values. Therefore, it can be confirmed that the residual
connection enhances the feature extraction ability and learning
efficiency of the proposed method.
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Figure 12. The (a) RMSE and (b) R2 of DMRDN and SDAE-LA-MCNNSA with convolution layers from one to five.

5. Conclusions and future directions

In this paper, considering the noisy and nonstationary indus-
trial conditions, a novel DMRDN was proposed for soft
sensor modeling of industrial processes. Firstly, the SDAE-
LA was introduced to denoise the process data, which can
fuse denoised features of different levels and effectively elim-
inate the interference of noise. Secondly, theMRCNN-SAwas
designed to automatically learn and fuse deep multiscale fea-
tures, which can capture complementary features from mul-
tiple timescales and enable deeper network layers for more
complex features, so as to accurately predict the quality vari-
able. Finally, a real-world data set collected from a debutan-
izer column was used to verify the effectiveness of the pro-
posed method. The experimental results demonstrated that the
proposed method was superior to other conventional machine
learning methods and deep learning methods. In general, the
proposed soft sensor modeling method is of significance in
practical industrial processes for quality prediction.

Although the proposed DMRDN has achieved remarkable
performance in our experiments, there are still several future
research directions for this study. Firstly, as more and more
complex factors appear in industrial processes, it is worthwhile
to verify the proposed research framework on larger and more
diverse industrial process data sets. Secondly, since the denois-
ing operation in the proposed method is unsupervised learn-
ing, the semi-supervised learning strategy needs to be further
exploited to deeply mine the information contained in abund-
ant unlabeled samples. Thirdly, to implement better process
control, soft sensors that can achieve multistep prediction are
worth exploring.
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