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Abstract—Traditional data-driven quality prediction
methods are mainly built from static models using clean
data with a slow sampling rate, leaving the process dy-
namics unused. To make full use of dynamic process
data collected at a fast sampling rate, this article proposes
a novel deep learning-based robust dual-rate dynamic
data modeling method for quality prediction of dynamic
nonlinear processes. A new dynamic data denoising gen-
erative adversarial imputation network is first proposed for
the missing value imputation among the dynamic process
data. Then, a new hint convolutional neural network (HCNN)
is established for dual-rate data based quality prediction.
The proposed HCNN incorporates the information hint
mechanism of channel expansion into the convolutional
neural network to extract the dynamic features with
definitive time and variable information. Finally, the
proposed method is verified using the Dow distillation
process dataset and Beijing multisite air quality dataset.

Index Terms—Data-driven quality prediction, dual-rate
data modeling, dynamic data denoising generative adver-
sarial imputation network (DDGAIN), dynamic process.

[. INTRODUCTION

UALITY prediction is essential to product quality im-
provement, energy saving, and emission reduction of
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industrial processes. With the wide use of distributed control
systems and Industrial Internet, a large number of process data
and quality data are collected [1]. Data-driven quality prediction
methods that find out the relations between process data and
quality data have attracted much attention in the academia and
industry in the last decades [2], [3], [4].

Traditional data-driven quality prediction methods mainly use
linear models, such as partial least squares (PLS) [5] to extract
the relations between process data and quality data. However,
they have difficulties in establishing nonlinear relations between
process data and quality data. For this reason, some sophisticated
models, such as support vector regression [6], decision tree
models [7], and artificial neural network [8], have been used
for quality prediction. To address complex dynamic nonlinear
relations in industrial processes, deep learning models have been
used in the field of data-driven quality prediction [9], [10]. A
viable class of approaches is to build prediction models using
extracted features by applying transform learning [11], [12],
[13],[14],[15], variational autoencoders (VAE) [16], stacked au-
toencoders (SAE) [17], and etc. Although multilayer perceptron
(MLP) [18] can extract quality-related features, process data,
and quality data are required to be collected at the same sampling
rate. From the practical perspective, industrial processes usually
collect two-level data, including process data at a fast sampling
rate and quality data at a slow sampling rate. The quality data are
used to promote the process operation performance and product
quality, but they are usually obtained by offline lab-analysis
rather than online measurement. Quality prediction using the
real-time process measurements is essential to advanced process
control and operation optimization for the quality improvement
and cost reduction of the industrial processes. This motivates
dual-rate data-based quality prediction.

There are three main solutions for data-driven quality pre-
diction using dual-rate data, i.e., up-sampling, down-sampling,
and dual-rate data modeling methods. Down-sampling and up-
sampling techniques transform the original data into the ones
with the same sampling rate [19]. Using the transformed data,
data-driven quality prediction models are subsequently devel-
oped by applying PLS, MLP, SAE, etc. While down-sampling
inevitably leaves the dynamics unused, up-sampling aims to use
the measurement with the highest sampling rate. However, the
prediction errors may accumulate with the increase of prediction
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steps [20]. Tipping and Bishop proposes an up-sampling method,
namely probabilistic principal component analysis model, by
which missing values can be estimated through the probabilistic
model [21]. Both down-sampling and up-sampling manners,
however, may alter the correlation structure of the dual-rate
data. By contrast, dual-rate data modeling methods can utilize
all of the data samples at a fast sampling rate, thus retaining
the dynamics among the original process data to establish
a more accurate model. For example, paper [22] develops a
principal component regression model for quality prediction.
Also paper [23] incorporates a cooperative training strategy with
PLS to develop a dual-rate data-based quality prediction model.
However, the abovementioned methods cannot effectively find
out the dynamic nonlinear relations among process data for
data-driven quality prediction.

In recent years, deep learning-based methods have attracted
much attention in data-driven quality prediction [24]. Although
recurrent neural networks and long short-term memory (LSTM)
can extract dynamic nonlinear relations, the models are overly
complex [25]. To take advantage of the dynamic nonlinear
feature extraction through convolution kernel operator, convolu-
tional neural network (CNN)-based quality prediction has been
studied recently [24], [26]. The convolution kernel operation on
the windowed fast sampling process data in the form of matrix
is used to extract the latent features for quality prediction. For
example, a finite impulse response-CNN is developed for quality
prediction [24]. This method applies finite impulse responses
to generate the input of the CNN, in order to overcome the
defect of traditional CNN that equally treats historical pro-
cess data samples, leaving the sequence information of the
samples unused. A multichannel CNN-based quality prediction
model is proposed in [26] to find out dynamic relations among
process data. Furthermore, a multidimensional CNN (MDCNN)
that extracts variable correlation, temporal feature, and spatial
feature through three convolutional kernels is proposed for qual-
ity prediction [27]. The work of [24] considers the disadvantages
of CNNs due to shared weights, but it does not consider the
representative information contained in each variable. As far as
we know, dynamic modeling of dual-rate data is still a challenge
for CNN-based methods.

In addition, the abovementioned data-driven quality predic-
tion methods require complete dynamic data samples. However,
dynamic process data at a fast sampling rate may be cor-
rupted with missing values and outliers caused by transmission
anomaly, hardware sensor failure or maintenance, etc. [28].
Direct leaving out the anomaly samples by traditional PauTa
criterion [24] may significantly reduce the number of sam-
ples and corrupt the dynamics among the successive process
data samples. This will make it impossible to extract the la-
tent dynamic features for data-driven quality prediction. Miss-
ing data imputation (MDI) that reconstructs complete samples
by minimizing the estimation error provides a new way for
static data imputation. Typical MDI models include principal
component analysis [29], expectation maximization [30], and
MissForest [31]. However, most of the samples with missing
values in practical industrial processes may be incomplete. In
recent years, denoising-based autoencoders have been used for
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incomplete data imputation. However, these methods merge
the data samples with missing values and the ones with no
missing values in the hidden layer. To address the incomplete
data imputation, Yoon et al. proposes a generative adversarial
imputation network (GAIN) that uses a mask matrix to indicate
the positions of the missing values [32]. Although GAIN shows
advantages compared to MissForest and Autoencoder in [32],
it is static data imputation in nature. To the best of authors’
knowledge, dynamic data imputation remains unsolved.

In this article, to make full use of the fast sampling process
data with corrupted values, a novel deep learning-based robust
dual-rate dynamic data modeling method is proposed for quality
prediction of dynamic nonlinear processes. First, to capture
dynamic features among multiple samples of multiple moments
in amoving window, one-dimensional CNN (1D-CNN) is incor-
porated with GAIN to establish a novel dynamic data denoising
generative adversarial imputation network (DDGAIN). During
the data generator stage, data samples generated from the dy-
namic features are reconstructed using a VAE to exclude the data
noises. Second, a hint CNN (HCNN) with channel extension is
proposed for dual-rate dynamic data modeling. Inspired by [33]
that applies CNN to encode position information, the proposed
HCNN incorporates a dual information hint mechanism that
separately organizes temporal flag and variable flag for the
original process data. Two separate convolution kernels are used
to extract the hint information contained in the samples at each
moment and the hint information contained in each variable
during the time period. The hint information and the process
data matrix are then concatenated and transferred to the next
layer for dynamic relationship extraction. These two aspects
constitute the major contributions of this work.

The rest of this article is organized as follows. Traditional
GAIN, VAE, and CNN models are briefly reviewed in Section II.
Then, the proposed robust dual-rate data modeling method that
is composed of DDGAIN and HCNN is presented in Section
III. In Section IV, Dow distillation column process dataset
and the Beijing multisite air quality dataset are used to verify
the effectiveness of the proposed method. Finally, Section V
concludes this article.

Il. PRELIMINARIES
A. Generative Adversarial Imputation Network

GAIN used for data imputation is proposed by Yoonetal. [32].
GAIN is derived from the generative adversarial network, with
the main structure composed of a generator, a hint generator,
and a discriminator, as shown in Fig. 1.

The generator observes the real components of the original
data vector and uses the observations to estimate the missing
values. The mask matrix is used to hint at the position of the
missing elements in the generator. The discriminator discrimi-
nates whether the input is the real component or the interpolated
component. The hint generator displays partial information to
the discriminator on which components are missing from the
original sample. This hint mechanism makes the generator learn
the real data distribution. The generator and discriminator com-
pete with each other to coevolve and reach Nash equilibrium.
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Fig. 1. Structure of GAIN [32].

Fig. 2. Graphical model of the VAE.

B. Variational Autoencoder

VAE, as a typical deep generative model, is established
based on variational Bayesian inference proposed by Kingma
et al. [16]. VAE consists of an input layer, an encoder layer,
a latent variable layer, a decoder layer, and an output layer.
The structure of the probability graph of VAE is shown in
Fig. 2, where the solid line indicates the generative model g4 (z)
po(x | z). The dashed line indicates the inference model g (z |
x), which is an approximation of the intractable true posterior
distribution py(z | x). Here, x represents the observed variable,
z represents the latent variable, and the variational parameter 0
is learned jointly with the generative model parameter ¢.
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The marginal likelihood of x can be given as

log p(x) = Dk (¢4(2 [ X)|lpa(z | X)) + L(0, ¢;x) (1)

where Dgp denotes the Kullback—Leibler divergence of the
approximation from the true posterior. £(6, ¢; x) is called the
(variational) lower bound on the marginal likelihood of data
sample x. It could also be written as

log po(x) = L(0, $; %)

= Eq, (aix) [ 108 ¢5(2 | x) + log py(x, 2)]

= —Dxur (q4(z | X)||pe(2)) + Eqy, (zx) [log po(x | 2)] . (2)
The loss function used to train the VAE is given as
L = —Ey,(ap [logpo(x | 2)] + D (46(2 | ¥)lpo(2)) . (3)

The VAE algorithm that reconstructs the input through the
decoder shows an advantage on noise suppression, it is incorpo-
rated into the dynamic data imputation in Section III-A.

C. Convolutional Neural Network

Two convolution operations of the popular two-dimensional
CNN (2D-CNN) are as follows:

H —Kp+2
H2:17h+p+1 )
S
Wi — Ky +2
Wz:%+l 5)

where the size of the original feature map is (H; x W), the
size of the convolution kernel is (K, K3). p is the filling size.
The size of the feature obtained by convolution operation is
(Hz X Wz)

The work of [24], [26], [34] demonstrates the advantage
of 2D-CNN on local feature extraction. However, 2D-CNN
equally treats the historical process data samples. 1D-CNN that
commonly used for sequence modeling and natural language
processing is applicable to dynamic data modeling.

I1l. PROPOSED DDGAIN-HCNN FOR QUALITY PREDICTION
USING DUAL-RATE DYNAMIC DATA

A. Dynamic Data Denoising GAIN

Traditional GAIN does not take into account the dynamic
relations among the process data. To make use of the dynamic
relations for dynamic data imputation, this section proposes a
novel DDGAIN. The DDGALIN is built from the framework in
Fig. 1, while the dynamic relations and denoising are taken
into account. The overall structure of DDGAIN consists of a
data moving window processing, an 1D-CNN-based generator,
an 1D-CNN-based discriminator, a hint generator, and a loss
function.

1) Data Moving Window Processing: The moving window
technique is first applied to preprocess the data. The moving
window is a window with a fixed size. There are two main
parameters, that is, the size of the window in the time dimen-
sion [ and the step size s. The size of the other side of the
moving window is equal to the dimension of the variable. The

Authorized licensed use limited to: Hong Kong Baptist University. Downloaded on April 09,2024 at 07:08:57 UTC from IEEE Xplore. Restrictions apply.



MENG et al.: NOVEL DEEP LEARNING-BASED ROBUST DUAL-RATE DYNAMIC DATA MODELING FOR QUALITY PREDICTION

Variables

p I — e
|
I

Xd

4 t t3 o t L e N . -

Fig. 3. Moving window diagram of process data in dual rate data.
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Fig. 4. Generator and discriminator in DDGAIN. The base component
is 1D-CNN.

subset after the moving window processing can be represented
as X;={x¢_i41, X142, .., X¢}, where x; is the sample of
the moment x;=[z}, z?,..., 2¢] € R%. The dual-rate data and
the moving window processing are shown in Fig. 3. It can be
seen that process variables are sampled at every moment, while
quality variables are sampled at every t,, moments (¢, > 1).
Therefore, the length of the moving window is set to [ = ¢,,, so
that each subset contains all the process data samples between
two adjacent quality samples.

2) Generator in DDGAIN: The generator (G) in DDGAIN
is shown on the left in Fig. 4. G is composed of two parts:
the generation layer and the reconstruction layer. Both parts
are built using 1D-CNN. Internally the generation layer will
generate data X, based on the real data and the mask matrix. The
reconstruction layer reconstructs X, into X by VAE to depress
the noises in the generated data. Externally, the generator takes
X and M as the inputs, where X is obtained from the following

X=MoX+(1-M)oZ (6)

In the abovementioned equation, ® denotes an element-wise
multiplication. X is the original data matrix, M is the mask ma-
trix, and Z is the noise. Each element in M denotes whether the
corresponding value is missing or not. “0” represents missing,
while “1” represents not missing.
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In practice, noise is filled into the X, generating a new X. The
missing values in X are filled with the newly generated data in
X to form the interpolated data X

X =G(X,M) @)
X=MoX+((1-MoX )

3) Discriminator in DDGAIN: The discriminator (D) is mod-
eled by 1D-CNN, as shown in Fig. 4. Itis expected to distinguish,
which components are observed or imputed. Discriminator takes
H and X as the inputs, with P as the outputs. H is the hint matrix
generated by the hint generator. X is the interpolated matrix. P
(i, j) corresponding to the probability that X (i, j) is observed
rather than imputed. P that varies from O to 1 is computed
from (9). The objective of the discriminator is to distinguish
the generated components and real components. In other words,
the mask matrix M determined by the dataset is reconstructed

P = D(X,H). 9)

4) Hint Generator in DDGAIN: The hint generator transfers
partial information on the binary mask matrix M to D to en-
sure that G generates data samples according to the real data
distribution. The hint generator takes the mask matrix M as the
input, with H as the output. H controls the information content
of the mask matrix M, which is transferred to D. If H does not
contain “sufficient” information about M, it cannot guarantee
that G learns the real data distribution [35]. We thus define a
matrix B, whose element B (i, j) is randomly sampled from
[0, 1]. H is calculated as

H=BoM+05(1-B). (10)

As for h, it can be concluded h(i,j) =m(i,j) when
b(i,7) = 1. When b(i,5) =0, h(i,7) = 0.5 and no useful in-
formation from m(i, j) is transmitted.

5) Loss Function of DDGAIN: The loss function of the dis-
criminator is computed from (11). The cross-entropy loss is in-
volved only when b(i, j) = 0, with By the number of 0 elements
inB

Lp(M,P,B)

L d J
:*EZ > MG

i=1 j=1;B(,5)=0

The loss function of the generator is computed from (12) and
consists of two terms. The first term, similar to D loss, determines
whether the interpolated values cheat G. The second term is the
mean square error of the actual values and interpolated values
at the nonmissing position

Lo(M,P,B, X, X)

I J
i=1 j=1;B(i,j)=0
1 LU
—a— Y3 (M(i, )X (i, j) — M(i, j)X (i, §)*  (12)

M,
0%=1 j=1

Authorized licensed use limited to: Hong Kong Baptist University. Downloaded on April 09,2024 at 07:08:57 UTC from IEEE Xplore. Restrictions apply.



1328 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 20, NO. 2, FEBRUARY 2024
Sy ey Blockl ___ ____| Block2 ___
[ L coBs) | Coves) |
_________________ ‘ d
(IR
tleleluls [ Retu  [[ Relu |
,,,,,, | i 1
o 0 6] 6 [ {7 O W
e ls|t]t
b t]|t]|ts
Llb|G|t|ts
Chanﬂel'l Channe|.2 Chanﬂel'3chanﬂel'4 Channel's Block1 Block1 Blockl Block1 Block2
) . Kemel-l gemel-2 gemel-3 gemel-4 gemel-5 Comate"m@
Variables Impurity @x) @xH @xh @xh @xh Linear Linear
X4 '
: T : Y
: A o _____
X, = OO -
X: = [T N
X [ -] |1 Chamekt !
ot » | | Kernel
[T S t, Time | | <m) :
|| Channel2 |
I | Kemel2 |
I oaxm |
|| Channel-3
| Kemel-3
[ axm |
,,,,,, I | Channel4 |
|| gemel4 |
I axm |
. Channel-3 |
| | Kernel-5 |
L_Laxm !
Fig. 5. Structure of the HCNN with a temporal information hint mechanism and a variable information hint mechanism.

where M, is the number of 0 elements in M and « is a hyper-
parameter.

B. HCNN With Channel Expansion for Quality Prediction

Traditional CNN uses convolution kernels to extract space
features of the images. Convolution kernels have the property
of weight sharing, with the same convolution kernel parameters.
The benefit of weight sharing is that the number of parameters is
greatly reduced and the depth of the network can be increased.
However, process data are normally dynamic with temporal
information. CNN treats historical process data samples equally,
rather than assigns different weights based on their temporal
snapshots. Since each variable has representative information on
quality variables, itis necessary to extract the difference between
each variable. To address this, we propose to overlay temporal
information hint and variable information hint on the feature
maps of the process data to find the dynamics in process data.

The input of CNN is usually four dimensions (batch size,
channel, height, and width). In general, image data occupies
3 channels and process data occupies 1 channel. As shown
in Fig. 5, the proposed HCNN with a dual information hint
mechanism extracts the representation information of time and
variables by expanding the process data on channel dimension.

Temporal information hint mechanism: The input data matrix
X with a dimension (batch size, 1, d, n) is expanded along the
time axis as (batch size, n, d, 1). The representation information
of time in n channels is extracted using n different convolution
kernels of size (d x 1) to form a temporal information vector,
which contains features unique to n different moments. Then,

the temporal information vector is expanded into a matrix T
with the same dimension as the input.

Variable information hint mechanism: Variable information
is extracted similarly to temporal information. By expanding X
along the variable axis as (batch size, d, 1, n), the representation
information in the d channels is extracted using d different con-
volution kernels of size (1 x n). A vector of variable information
is constructed, which encapsulates features that are unique to
d different variables within the time window. The vector of
variable information is thereafter expanded into a matrix V with
the same dimension as the input.

The data matrices X, T, and V are superimposed to obtain

Xinput =XoToV (13)

where & represents the sum of each element of the matrix. Each
element in Xy is superimposed with different information as
Tti.5)» Viig)-

In order to extend the receptive field for global information ex-
traction, multilayer convolutions, and pooling layers are applied,
as shown in Fig. 5. Five convolutional layers are used to extract
sample-related dynamic features. The Avgpool can extract the
overall features to prevent losing much global information, and
the Maxpool can filter out useless features and extract far apart
features relevant to quality prediction. Two blocks including
Block 1 and Block 2 are first established. Each block contains
a convolution layer, a batch normalization (BN) layer, and a
rectified linear unit (ReLU) layer. BN is a commonly used adap-
tive reparameterization method, which can alleviate the gradient
disappearance or explosion phenomenon in CNN training, and
accelerate the training. ReLU in the following is to enable the
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hierarchical nonlinear mapping learning:

ReLU(z) = max(0, x). (14)
Block 1 extracts the maximum value of adjacent features by
maximum pooling. Block 2 maps the feature values to feature
vectors by average pooling. The first four layers of the network
use Block 1 to extract the dynamic. After each convolution,
most of the information on the feature map is retained through
maximum pooling. The fifth layer uses Block 2 to integrate the
extracted dynamics into vectors. The last two layers use the fully
connected layer to obtain the predicted value. The mean squared
error is used as the loss function of the HCNN to converge the
algorithm [36]. The loss function is defined as follows:

1 < 5
Loss = — 0 15
0ss n; llyi — il (15)

where n is the number of samples, g; is the predicted value of the
ith sample, y; is the true value of the ith sample. The loss function
that measures the distance between the predicted value and the
true value can be minimized using backpropagation algorithm.
Note that the proposed method works well only when
the relations between the dual-rate data remain unchanged.
While there are significant difference on data distribution be-
tween the training dataset and the test dataset, one can incorpo-
rate the idea of transfer learning and adaptive modeling. In addi-
tion, the data quality is essential to data-driven modeling. When-
ever there are a large number of missing values, data-driven
modeling including the proposed quality prediction method may
fail. For the situation when there are a small number of missing
values for the process data, the proposed DDGAIN-HCNN can
be robust to the missing values. In this work, the validation
set is used to select the appropriate parameters based on the
grid search. When there is a significant prediction performance
degradation caused by model mismatch, it is necessary to collect
a new training dataset to train the model or develop an adaptive
modeling method similar to the recursive PLS in [37].

IV. EXPERIMENTAL STUDIES
A. Dow Distillation Tower Experiment

1) Dow Process Description: The Dow challenge problem
in [38] and [39] is used to demonstrate the proposed DDGAIN-
HCNN model. The refining system as shown in Fig. 6 is com-
posed of three distillation columns: a primary column, a feed col-
umn, and a secondary column. The primary column is controlled
according to the reflux feed ratio. Accumulation of impurities
leads to accelerated catalyst aging and degrades the operation of
the refining system. The process has to operate in a suboptimal
manner to remove impurities that can affect the quality of the
final product, evenly making the operation unsaleable. It is, thus,
necessary to online measure the concentration of impurities.

The impurity concentration at the top of the primary column
is selected as the quality variable. A total of 44 process variables
x1-x44 and a quality variable y are listed in Table I. According
to [39], data samples during operating condition change from
August22,2016 to December 16,2016 are excluded. In addition,
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Block diagram of the Dow challenge problem [38], [39].

Fig. 6.

TABLE |
DEFINITION OF Dow PROCESS VARIABLES AND QUALITY VARIABLE

Primary Column (PC) Secondary Column (SC)

x1: PC Reflux Flow x22: SC Base Concentration
x2: PC Tails Flow x23: Flow from Input to SC
x3: Input to PC Bed 3 Flow x24: SC Tails Flow

x4: Input to PC Bed 2 Flow x25: SC Tray Drum Pressure
x5: PC Feed Flow from FC x26: SC Head Pressure

x6: PC Make Flow x27: SC Base Pressure

x7: PC Base Level x28: SC Base Temperature
x8: PC Reflux Drum Pressure x29: SC Tray 3 Temperature
x9: PC Condenser Reflux Drum Level x31: SC Bed 2 Temperature
x10: PC Bedl Drum Pressure x32: SC Tray 2 Temperature
x11: PC Bed2 Drum Pressure x33: SC Tray 1 Temperature
x12: PC Bed3 Drum Pressure x34: SC Tails Temperature
x13: PC Bed4 Drum Pressure x35: SC Tails Concentration

x14: PC Base Pressure

x15: PC Head Pressure

x16: PC Tails Temperature

x16: PC Tails Temperature

x18: PC Bed 4 Temperature
x19: PC Bed 3 Temperature
x20: PC Bed 2 Temperature
x21: PC Bed 1 Temperature
x41: Avg_Reactor_Outlet_Impurity
x42: Avg_Delta_Composition PC
x43: PC Reflux/Feed Ratio

x44: PC Make/Reflux Ratio

y: Impurity

Feed Column (FC)

x36: FC Recycle Flow

x37: FC Tails Flow to PC

x38: FC Calculated Drum Pressure
x39: FC Steam Flow

x40: FC Tails Flow

x16 and x17 with seasonal variations are replaced by two newly
generated variables [39].

It is further observed that real measurements of the quality
variable are taken at a slow sampling interval, which is typical
for lab-test measurements. In this work, process data and quality
data are collected at dual-rates (1 h for process variables and
5 h for the quality variable). Moreover, the missing values are
taken into account during the modeling stage. These two aspects
motivate the application of the proposed robust dual-rate data
modeling method. For this study, the numbers of samples for the
training dataset, verification dataset, and test dataset are 1200,
203, and 1133, respectively.

2) Modeling and Result Analysis: The adaptive moment es-
timation (Adam) optimizer using the exponentially weighted
averaging technique is adopted for the proposed method and the
baselines. The hyperparameters of the models are optimized by
grid search to tradeoff model complexity against generalization
error. The learning rate is chosen from [0.1, 0.01, 0.001, 0.0001],
batch size is chosen from [15, 25, 35, 45], « is chosen from [1,
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TABLE Il
COMPARISON RESULTS OF DYNAMIC DATA IMPUTATION FOR DoOw
Missing rate RMSE

KNN [40] MICE [41] GAIN [32] DGAIN DDGAIN
0.1 0.04532 0.04082 0.07646 0.05261  0.03855
0.2 0.05171 0.04442 0.11813 0.07082  0.04031
0.3 0.05572 0.04837 0.14757 0.08069  0.04731
0.4 0.06033 0.05313 0.15870 0.11045  0.08196
0.5 0.07078 0.05626 0.16037 0.11751  0.08595

The bold entities mean the optimal performance of all models on the corresponding
index under the same conditions.
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Fig. 7. DDGAIN imputation data distribution for Dow with the original

data at 0.5 missing rates.

10, 30, 501, the DDGAIN epoch is chosen from [15 000, 30 000,
45 000], and the HCNN epoch is chosen from [50, 75, 100,
125, 150]. The optimal parameters for the GAIN, DGAIN, and
DDGAIN models are set as follows: batch size is 25, learning
rate is 0.001, « is 10, and the number of epoch is 30 000. The
optimal parameters of the prediction model for HCNN are set as
follows: batch size is 25, learning rate is 0.0001, and the number
of epoch is 100.

In the imputation experimental part, the training data are
randomly missing at a rate of 0.1 to 0.5. GAIN, dynamic
data GAIN (DGAIN) without VAE denoising, and the pro-
posed DDGAIN with VAE denoising are used to compare the
imputation performance. It is compared with the traditional
k-nearest neighbors (KNN) [40] and multivariate imputation
by chained equations (MICE) [41] methods. The results are
shown in Table II. It can be seen that the dynamic data imputa-
tion methods including DGAIN and DDGAIN outperform the
traditional GAIN, with DDGAIN achieving the most excellent
performance. Meanwhile, DDGAIN outperforms the KNN and
MICE methods in the case of 0.1-0.3 missing rates, achieving
the best performance. The data distributions using the proposed
DDGAIN and with no data imputation at 0.5 missing rates are
shown in Fig. 7.

Using the clean data that retain the process dynamics by
dynamic imputation, data-driven quality prediction is performed
by the proposed HCNN, and the baseline models including MLP,
LSTM, and CNN, as well as the state-of-the-art models includ-
ing temporal convolutional networks (TCN) [42] and MDCNN.
In order to achieve a fair comparison, the parameters for each
model are optimally selected. The moving window length is
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TABLE IlI
DEFINITION OF BEWING MULTISITE AIR QUALITY DATASET VARIABLES AND
QUALITY VARIABLE

Air Quality Data
x1: PM1o Concentration
x2: SO2 Concentration
x3: NOg Concentration
x4: CO Concentration
x5: CO3 Concentration
y: PMg 5(Particulate Matter)

Meteorological Data
x6: Temperature
x7: Pressure
x8: Dew Point Temperature
x9: Precipitation
x10: Wind Direction
x11: Wind Speed

TABLE IV
COMPARISON RESULTS OF DYNAMIC DATA IMPUTATION FOR AIR QUALITY
DATA
Missing rate RMSE
KNN [40] MICE [41] GAIN [32] DGAIN DDGAIN
0.1 0.08417 0.07628 0.13085 0.09304  0.05983
0.2 0.11935 0.08165 0.13453 0.11773  0.06081
0.3 0.14426 0.09445 0.13581 0.12855  0.06566
0.4 0.14804 0.09817 0.13664 0.13056  0.06960
0.5 0.14976 0.10420 0.14568 0.13627  0.07235

The bold entities mean the optimal performance of all models on the corresponding
index under the same conditions.

set to [ = 5. MLP uses fine-grained data modeled with each
sample dimension of (44x1), and the network contains two
hidden layers (22, 12). LSTM, CNN, TCN, and MDCNN use
dynamic data with a window size of (44 x5). The LSTM has a
hidden layer (22), the TCN uses two temporal blocks of channel
size 20, where each temporal block contains two convolutional
layers with convolution kernel size 3. The network structures of
CNN and MDCNN are consistent with HCNN, with a 5-CNN
layer convolutional kernel of (3x3) and three layers of fully
connected networks (40, 16, 1). Note that the MDCNN uses
three convolutional kernels (3x3), (1x3), (3x1) for parallel
computation.

The root mean square error (RMSE), the coefficient of deter-
mination index R?, and the mean absolute error (MAE) are used
to evaluate the prediction accuracy, with the results listed in
Table V. From this table, the prediction with DDGAIN im-
putation performs better than the one with GAIN imputation.
Although the imputation accuracy of MICE is slightly higher
than that of DDGAIN at 0.4 and 0.5 missing rates, the predic-
tion using DDGALIN is significantly better than that of MICE,
indicating that DDGAIN exploits the dynamics of the data. The
interpolated values are more consistent with the distribution of
the original data. Moreover, the performance of DDGAIN is
more significant in the case of a large missing rate. It is worth
noting that MLP and LSTM achieve a good prediction perfor-
mance when mean imputation is applied, but process dynamics
used for quality prediction are missing. MLP and LSTM display
lower prediction accuracy since the process dynamics are not
extracted well.

Compared with the traditional MLP, LSTM, CNN, as well as
TCN and MDCNN models, HCNN achieves the best prediction.
Although CNN, TCN, MDCNN, and HCNN are all CNN-based
dual-rate models, they are sensitive to the imputation accuracy.
The predictions using CNN, TCN, MDCNN, and HCNN with
mean imputation perform worse than the ones with GAIN,
DGAIN, and DDGAIN. The TCN achieves a further improve-
ment compared to the LSTM model. The MDCNN model
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TABLE V
COMPARISON RESULTS OF QUALITY PREDICTION FOR THE DOW PROCESS
Missing rate _ Imputation MLP [18] LSTM [25] CNN [24] TCN [42] MDCNN [27] HCNN
RMSE R MAE __ RMSE R MAE __ RMSE R MAE __ RMSE R MAE __ RMSE R MAE __ RMSE R MAE
Mean 0.17517  0.15928  0.09410 0.16826 0.0852 0.08677 0.19641 -0.05815 0.12709 0.16811 022645  0.09835 044984 -4.65077 033906 0.19368 -0.02983  0.09921
KNN 0.18763  0.03463  0.10786  0.17737 0.13912  0.09471 017936  0.11931  0.10252 0.16846  0.2233  0.09769 0.18269 007197 0.09871 0.16132  0.28793  0.08471
o1 MICE 018802 003061 0.10841 0.17738 0.13903 0.09521 0.18425  0.07003 0.10938 0.16607 024519  0.09375 0.18556  0.05140  0.10202 0.16144 028682  0.08476
: GAIN 018821 002849  0.10862 0.17790 0.13396 0.09582 0.17962  0.11687  0.10281  0.16764 023094  0.09643  0.17476  0.16207 ~ 0.09347 0.16190  0.28275  0.08607
DGAIN  0.18781 003267  0.10809 0.17745  0.13835  0.09500 0.17933  0.13610 ~ 0.10245  0.16865 022162  0.09824  0.17861 ~ 0.12232  0.09222  0.16190  0.8276  0.08508
DDGAIN  0.18762  0.03472  0.10780  0.17729  0.13987 0.09498 0.17805  0.12346 _ 0.10191 0.16706  0.23616  0.09558 0.17262  0.18413  0.09203 0.16129  0.28816  0.08464
Mean  0.17712  0.13984  0.09673 0.16902 021821 0.08796 0.19990 -0.09524 0.12677 0.17408  0.17058  0.10706 0.44558 -4.57353 030692 0.0583 -0.16229 0.10798
KNN 0.18789  0.05881  0.10820 0.17776  0.13533  0.09569 0.17918  0.12119  0.10225 0.16718 023512  0.09525 0.18432  0.06476 ~ 0.10212 0.16288 027387  0.08858
02 MICE  0.18894 002111  0.10905 0.17803 0.13265 0.09596 0.17878 0.12518  0.10098 0.16785 022900 ~ 0.09739  0.19190 -0.01461 0.11519 0.16162 028525  0.08591
- GAIN 018815 002802 0.10851 0.17799 0.13300 0.09587 0.18139  0.09935  0.10493 0.16672 023914  0.09504 0.18570  0.04630  0.10766 0.16279 027488  0.08778
DGAIN  0.18776 003312  0.10798 0.17761  0.13673  0.09542 0.17908  0.12848  0.10201 ~ 0.16736 023356  0.09630 0.18098  0.09697 ~ 0.09817  0.16283 027430  0.08724
DDGAIN  0.18768  0.03413  0.10789  0.17754  0.13741  0.09532  0.17884  0.12450  0.10187 0.16592  0.24653  0.09314 0.17777 020051  0.09559 016132  0.28792  0.08456
Mean  0.17923  0.11861  0.09941  0.17020 020722 0.08974 0.22432 -0.42180 0.11531 0.18052  0.10772  0.11656 0.44012 -4.49619 031388 022256 -0.36744 0.11890
KNN 0.18755  0.03547  0.10778 0.17752  0.13767 0.09506 0.17796  0.13323  0.08246 0.16802  0.22749  0.09708 0.18246  0.08456  0.10411 0.16229  0.27917  0.08726
03 MICE 019007 000936 0.11054 0.18000 0.11336 0.09858 0.18780  0.03205 0.11300 0.16828 021206  0.09734 0.19363 -0.03485 0.11425 016223 027977  0.08692
b GAIN 018902  0.01973  0.10959  0.17825  0.13038  0.09609 0.18020  0.11083  0.10201 ~ 0.16912 021704  0.10008 ~0.18182  0.08904  0.10575 0.16210 ~ 0.28099  0.08690
DGAIN  0.18790 003164 0.10816 0.17773  0.13554 0.09560 0.17885  0.12427 ~ 0.10071  0.16866 022159  0.09804 0.17807  0.13005  0.10131 0.16374 026621  0.09008
DDGAIN  0.18648  0.04626  0.10619  0.17611  0.15125  0.09320 0.17662  0.14619  0.09851 0.16708  0.23611  0.09552  0.17568  0.15350  0.09494 0.16203  0.28157  0.08655
Mean 0.18171  0.09301  0.10258 0.17114 0.19837 0.09089 026644 -1.02316 0.13662 0.17996  0.11330 _ 0.11421 043321 455815 026915 025492 -0.79746  0.13248
KNN 0.18764  0.03460  0.10827 0.17761  0.13672 0.09522 0.17944  0.11859  0.10269 0.16795 0.22811  0.09716 0.19486 -0.05959 0.11249  0.16146  0.28667  0.08452
04 MICE 019097 -0.00010 0.11184 0.18137 0.09977 0.10049 0.19157 -0.00577 0.11635 0.16850 022308  0.09826 0.19290 -0.01878 0.11179 0.16263 027626  0.08621
- GAIN 018915 001795  0.10967 ~0.17801 ~ 0.13265 0.09553 0.18020 ~ 0.11083  0.09968 0.16632 024311  0.09533 0.18472 005782  0.10547 0.16691 023766  0.09582
DGAIN ~ 0.18805  0.03731  0.10853 0.17871 0.12571  0.09602  0.18054  0.10789  0.10298 0.16794 022825  0.09717 0.17932  0.11445 010057 0.16368  0.26678  0.09056
DDGAIN  0.18724  0.03868  0.10734  0.17724  0.14028  0.09498 0.18042  0.10913  0.10393 0.16554 025018  0.09323 0.17326  0.17801 _ 0.09508 0.16166  0.28491  0.08540
Mean  0.18568  0.05163  0.10762 0.17204 0.18124 0.09306 024793 -0.75292 0.12502 0.19143 000328 0.13020 048765 -5.04488 030237 027642 -1.11351 0.16807
KNN 0.18938  0.01639  0.10982  0.17950 0.11820 0.09797 0.18127 ~ 0.10025  0.10497 0.16851 ~ 0.22293  0.09860 0.18799 ~ 0.02148 ~ 0.09977 0.16233 027892  0.08632
05 MICE 019145 -0.00521 0.11247 0.18209 009254 0.10149 0.18909  0.02120 0.11520 0.16337 026961 ~ 0.08998 020214 -0.12487 0.12914 016272 027547  0.08835
- GAIN 019334 -0.00559 0.11551 0.18318 0.08153 0.10272 0.18507 006184 0.10868 0.17546  0.15630  0.11005 0.17733  0.13628  0.10137 0.17446  0.16675  0.10717
DGAIN ~ 0.19042 000569 0.11110 0.17919  0.12098  0.09725 0.18309  0.08220 ~ 0.10377 0.16591 024679  0.09436  0.18402  0.07087  0.10054 0.16303  0.7209  0.08869
DDGAIN  0.18738  0.03711 _ 0.10739  0.17688  0.14380  0.09426  0.18251  0.08788  0.10603 0.16512  0.25391  0.09204 0.18403  0.06842  0.10315 016127  0.28838  0.08409
The bold entities mean the optimal performance of all models on the corresponding index under the same conditions.
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prediction methods including MLP, LSTM, CNN, TCN, MDCNN, and

information vector extracted from 44 variables within the window. (¢) T . 4 -
HCNN, are trained by the data after DDGAIN imputation.

@ V information matrix within the window.
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TABLE VI
COMPARISON RESULTS OF QUALITY PREDICTION FOR AIR QUALITY DATA
Missing rate I MLP [18] LSTM [25] CNN [24] TCN [42] MDCNN [27] HCNN
© RMSE R MAE RMSE R MAE RMSE R’ MAE RMSE R MAE RMSE R’ MAE RMSE R MAE
Mean 0.44669 091352 0.28288  0.46720 0.90632  0.25663  0.46419  0.90750 0.28463  0.45604 0091283  0.29206 0.44117 091520 0.27688 0.43776  0.91770  0.27315
KNN 0.44705 091333  0.25486  0.46320 0.90792  0.23284 045101 091251 0.28639 045743 091227 027815 0.41962 0.92425 025369 0.41583  0.92578  0.26216
0.1 MICE 0.43894 091642  0.24858  0.45206  0.91223  0.24188  0.45735  0.90992  0.28534  0.45924 091157 0.28266 0.41908  0.92449  0.24617  0.40381  0.92995  0.25778
: GAIN 0.44547 091314  0.25318  0.46283  0.90768  0.23435  0.45894  0.90917 0.28162 0.45618 091274  0.26966  0.42936  0.92053 025762 0.41548  0.92593  0.25389
DGAIN 0.44289 091499  0.25033  0.45880  0.90967  0.23631 0.45697 091005 0.28426  0.45492 091323  0.27057 0.42690  0.92146  0.25622  0.41482 0.92618  0.25923
DDGAIN 0.43547 091766  0.24020  0.43960 0.91705 0.23412  0.44473 091514 0.26026  0.45295 091399  0.27875 0.41393  0.92639  0.25301 0.38012  0.93790  0.22774
Mean 0.47254 090372 031970  0.49355 0.89550 0.26274 0.49515 0.89478 0.30883  0.48582 0.90081  0.30953 0.47868  0.90151 0.28797  0.46556  0.90699  0.28764
KNN 0.46778  0.90571  0.29441 051142 0.88762 0.26478  0.49645 0.89393  0.30349  0.47319 0.90600 0.29543  0.46918 0.90498  0.26404 0.46104 0.90878  0.28129
02 MICE 0.45590  0.90981  0.26564  0.54989 0.87012 0.26352  0.48178  0.89984  0.27900  0.45803  0.91204 0.27918  0.46356  0.90759  0.28521 041516 0.92590  0.26102
h GAIN 0.46886  0.90518 030073  0.50916  0.88859  0.26249  0.49791  0.89345 0.30986 0.46953  0.90758  0.28580 0.45326 0.91143  0.26177 0.49184 0.89615 0.31225
DGAIN 049619  0.89373  0.29460  0.51760  0.88492  0.25685  0.50309 0.89132  0.30405 0.46202 091053 0.29990 0.44807 0.91383 025963  0.46109 0.90879  0.28252
DDGAIN 0.45302 091016  0.26549  0.49704  0.89400 0.24944  0.44393  0.91538 0.27299 045170 091445 0.27409  0.42988  0.92055  0.25033 0.38559  0.93620  0.23781
Mean 0.50896  0.88821 0.35534  0.54229  0.87367 0.32304 0.52168  0.88302  0.32727  0.52062  0.88631 0.34446  0.51439  0.88606  0.29123  0.55212  0.86897  0.36176
KNN 0.51676  0.88452  0.33417 .. 0.87503  0.30331  0.52018  0.88371 0.32442  0.52372  0.88474  0.31248  0.50912  0.88829  0.27527 0.51482 0.88622  0.33503
03 MICE 0.46556  0.90540  0.26956 .. 0.86567  0.27205  0.48715 0.89815 0.29004 047221  0.90653  0.28286  0.55164 0.86915 031738  0.45223  0.91223  0.28446
- GAIN 0.49281  0.89521 031327 0.55318 0.86849  0.29583  0.52868  0.88002 0.32148 0.50541  0.89269  0.30427 0.53475 0.87702 0.28017 0.51567 0.88582  0.32179
DGAIN 0.50856  0.88835  0.33731 0.53392  0.87749  0.29147  0.52373  0.88198  0.32595 0.50401  0.89328  0.30535 0.52488 0.88312  0.28850  0.49513  0.89478  0.31816
DDGAIN 0.46465  0.90598  0.26127  0.53016  0.87937  0.26421  0.47374  0.90369  0.28406  0.46560  0.90911  0.28582  0.50839  0.88868  0.29634  0.42469  0.92258  0.25235
Mean 0.53681 0.87569  0.40458 047916 0.87126 0.31946 0.50420 0.89079  0.33620  0.63781 0.82879  0.43417  0.52921 0.87857  0.31845 0.61992  0.83458  0.43432
KNN 0.51490  0.88849  0.34911 0.52219  0.88301 0.32564  0.50189  0.89187  0.34327  0.57434 0.86117  0.37592  0.52365 0.88168  0.31577  0.50374  0.89105  0.29860
04 MICE 0.50118  0.88975  0.31411 0.60573 0.84124  0.31696  0.52114  0.88313  0.32526  0.47912  0.90376  0.28529  0.51975 0.88305  0.29521 0.45540 091101 0.28839
: GAIN 0.49465  0.89436  0.35491 0.55901  0.86533  0.35654 0.51689  0.88536  0.32424  0.56312  0.86659  0.36510  0.52323  0.88225 0.32240  0.59306  0.84877  0.40304
DGAIN 0.49528  0.89399  0.34495  0.54470 0.87242  0.32303  0.50523  0.89044  0.30148 0.55195 0.87119 037889  0.54218 0.87297 0.32779  0.53808  0.87548  0.34981
DDGAIN 0.47027 0.90347  0.27745 0.54167 0.87413  0.29657  0.46438 0.90744  0.28227  0.47269 0.90631  0.28793  0.51722  0.88507  0.31069  0.43252  0.91968  0.26955
Mean 0.60547  0.84171  0.46558 0.56462 0.86256 0.38730 0.63940 0.82427 0.44272 0.78485 0.74133  0.52881 0.55977 0.86273  0.35966  0.74210  0.76225  0.54587
KNN 0.51839  0.87706  0.36195 0.57013  0.86054 0.38032 057171 0.86161 0.41824  0.63149  0.82399  0.43503 0.57933  0.85347 036101 0.57773  0.85951  0.34554
05 MICE 048719  0.89388  0.30716  0.64423 0.82154  0.35837  0.56964  0.85932  0.35584  0.50990  0.89086  0.30044  0.59016  0.85030 0.36459 051759  0.88504  0.33522
: GAIN 0.55990  0.86437  0.40724  0.58893  0.85088  0.39031 0.50460  0.89074  0.32264  0.77215 0.74795 0.51563  0.55252  0.86891 0.34261 0.75809  0.75221 0.53151
DGAIN 0.57920  0.85570  0.41224  0.55864  0.86601 0.36291 0.56175  0.86311 0.38867  0.75020  0.76196  0.49576  0.55025  0.87008  0.36453 0.58465  0.85330  0.36004
DDGAIN 0.48562  0.89650  0.30468  0.59654  0.84726  0.32839  0.49286 0.89533  0.31116 0.48962 0.89944  0.31140 0.53304 0.87803  0.32675  0.48053  0.90090  0.30426
The bold entities mean the optimal performance of all models on the corresponding index under the same conditions.
achieves the worst prediction in the case of mean imputation, TABLE VII

since three parallel networks lead to error accumulation in the
case of poor imputation accuracy. By contrast, HCNN which
efficiently takes into account the temporal and variable informa-
tion of dynamic data performs the best among the four models.
HCNN outperforms CNN, TCN, and MDCNN in all imputation
methods except mean imputation, reflecting the robustness of
the proposed method. Especially, the more accurate the impu-
tation, the better the model performance. The prediction perfor-
mance of the robust dual-rate data-driven quality prediction with
the combination of DDGAIN and HCNN is the best. In the case
of 0.5 missing rates, the prediction performance still performs
well. Moreover, the prediction accuracy of DDGAIN-HCNN is
much higher than that of GAIN-HCNN, indicating the strong
robustness of the DDGAIN model.

The prediction results of five models with DDGAIN im-
putation under the 0.5 missing rate condition are shown in
Fig. 8. It can be seen that MLP, LSTM, and CNN do not
predict well during the 800 to 1000 samples. The TCN performs
better than LSTM, but still does not predict the trend of impu-
rity values well. Whereas MDCNN-based prediction fluctuates
significantly, HCNN that makes use of intersample temporal
features and variable spatial features achieves a more accurate
prediction. The grayscale image with superimposed informa-
tion is shown in Fig. 9. Fig. 9(a) displays the image temporal
information vector, while Fig. 9(b) displays the variable spatial
information vector, with Fig. 9(c) the information matrix to be
superimposed, i.e., T & V. The difference of information for
each moment and each variable can be seen in Fig. 9(a) and (b),
respectively. From Fig. 9(c), the information to be superimposed
is different for each element of the data matrix X, indicating the
dynamic information of the process data used for prediction.

B. Experiments on Beijing Multisite Air Quality Dataset

1) Beijing Multisite Air Quality Dataset Description: The Bei-
jing multisite air quality dataset [43] includes hourly pollution

ABLATION EXPERIMENTAL RESULTS OF HCNN

Method RMSE R? MAE
CNN [24] 0.44473 091514  0.26026
HCNN (T) 040923 092813  0.25122
HCNN (V) 0.39408  0.93332  0.24185

HCNN (T+V)  0.38012  0.93790  0.22774

The bold entities mean the optimal performance of all
models on the corresponding index under the same
conditions.

data from 12 air quality monitoring sites. Since the quality vari-
able PMs, 5 is usually influenced by meteorological conditions,
meteorological data from around the stations are included. That
is, the data for each station consisted of air quality data and
meteorological data, for a total of 12 valid variables, as shown in
Table III. The data from the Wanshugong site are selected for the
validation of the proposed method, with the nonnumerical wind
data discarded. The remaining 10 process variables are sampled
on an hourly basis and the quality data are sampled every four
hours. Each sample consists of fine-grained data within a moving
window, as shown in the red box in Fig. 3. The window length
is 4. A number of 7000 samples are used for model training,
500 samples for model verification, and 707 samples for model
testing.

2) Modeling and Result Analysis: The Adam optimizer is
adopted for the proposed method and the baselines. The optimal
parameters for the GAIN, DGAIN, and DDGAIN models are as
follows: batchsize is 25, learning rate is 0.001, « is 100, and the
number of epoch is 30 000. The optimal parameters of HCNN
are set as follows: batch size is 75, learning rate is 0.001, and
the number of epoch is 100.

In the imputation experimental part, the window lengths for
DGAIN and DDGAIN are 4. The results are shown in Table I'V.
From this table, DDGAIN achieves the best performance for 0.1
to 0.5 missing rates. The imputation accuracy is higher than that
of MICE. It also illustrates that in data with dynamic relation-
ships, DDGAIN not only taps into the dynamic relationships,
but also senses the time-series changes of variables. The data
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distributions using the proposed DDGAIN at 0.5 missing rates
are shown in Fig. 10.

In the prediction experimental part, MLP uses a (10, 5, 1)
structure, LSTM hidden layer has a number of 5 features,
TCN uses two temporal Blocks with a channel number of 5,
and the convolution kernel size is 3. The basic structure and
convolution kernel size of the CNN, MDCNN, and HCNN
remain unchanged, and the fully connected layer is (200, 1).
The dynamic window size of LSTM, CNN, TCN, MDCNN,
and HCNN is set to (10 x 4). The prediction results are shown
in Table VI. The DDGAIN shows significant advantages. The
proposed HCNN is better than the other five methods, especially
at the missing rate of 0.1 to 0.3. Taking 0.1 missing rates as an
example, HCNN is superior to MLP, LSTM, CNN, TCN, and
MDCNN under Mean, KNN, GAIN, DGAIN, and DDGAIN
imputation methods. Meanwhile, the DDGAIN-HCNN method
performs the best at various missing rates. The prediction curves
for the six prediction models using DDGAIN imputation at 0.1
missing rates is shown in Fig. 11. It can be seen that the green
curve (HCNN) fits the actual values well.

Ablation experiments for the HCNN are carried out using
DDGAIN imputation method with a 0.1 missing rates. The
results are shown in Table VII. It can be seen that HCNN achieves
a better performance than CNN using temporal information
T alone and variable information V. HCNN with a dual hint
mechanism (T+V) performs the best.

V. CONCLUSION

In this article, a robust dual-rate dynamic data modeling
method, i.e., DDGAIN-HCNN, has been proposed for quality
prediction of dynamic nonlinear processes with missing values.
The highlights of this article are two-fold: 1) The proposed
DDGAIN provides a new way for dynamic data imputation
of missing values; 2) The proposed HCNN quality prediction
model addresses the limitations of traditional methods by su-
perimposing the temporal and variable information of process
data in the original data through an information hint mechanism.
Future work will focus on the following three aspects:

1) incorporating attention mechanism to extract far apart
dynamics;

2) developing quality-relevant data imputation method;

3) extending dual-rate data modeling to multirate data mod-
eling for quality prediction.
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