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A B S T R A C T

Data-driven deep learning modeling has been increasingly applied to quality prediction in complex
chemical processes. However, the data show complex temporal features due to different residence times
and strong coupling relationships among chemical entities. This study proposes a multi-scale temporal
feature extraction module to extract local dynamic temporal features across different time scales and
combines it with long short-term memory (LSTM) networks to capture global temporal patterns,
thereby taking full advantage of available data. In addition, variable-wise channel attention is integrated
into the model to enhance attention on the essential parts of the feature maps and improve predictive
performance. Furthermore, by analyzing the attention weights, the model quickly identifies the key
variables that significantly affect the predictions. Finally, the model is applied to a real corn starch
liquefaction process and achieves an accurate product quality prediction with an R2 value of 0.9392,
which represents a 4% to 9% improvement over traditional models and demonstrates the superiority of
the proposed approach.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

Corn is one of the world’s top three food crops and a major
source of starch. The corn processing sector is widespread around
the world [1]. However, it faces notable challenges that include a
long production process, complex production procedures, and low
levels of automation and intelligence. These issues highlight the
urgent need for intelligent transformation to improve efficiency.
To address these challenges, modern chemical industries,
including petroleum refining [2] and food processing [3], are
increasingly focusing on intelligent manufacturing to achieve cost
reduction, efficiency improvement, safe and green production
[4,5]. These improvements require the implementation of opera-
tional parameter optimization, rapid decision-making, and
advanced process control strategies [6] that rely on feedback from
critical indicators in process production. In the enzymatic hydro-
lysis of corn starch to produce glucose, the dextrose equivalent
(DE) serves as a key indicator of intermediate product quality and a
vital reference for operational adjustments. However, due to the

limited deployment of online instrumentation, many facilities still
rely on offline laboratory sampling for DE analysis. This method
introduces several hours of measurement delay, leading to lagging
process monitoring and making it difficult to evaluate product
quality in real time or to make timely operational adjustments to
maintain high product standards.
The soft sensor provides a solution for online estimation of

product quality. This technology can estimate hard-to-measure
key variables by using easy-to-measure variables and building
mathematical models. Soft sensor modeling can be generally
categorized into two types: (1) first-principle models(FPMs) [7]
and (2) data-driven models [8]. FPMs use physical and chemical
knowledge to establish relationships between variables, which
often require extensive domain knowledge and become increas-
ingly difficult to model as the process scale increases. In contrast,
data-driven methods, which have become increasingly popular in
industry and academia [9], use the vast amounts of historical data
available due to the widespread use of distributed control systems
(DCS), require less expert knowledge, and have lower modeling
cost and faster running modeling speeds. There are numerous
data-driven soft measurement modeling methods, including those
based on multivariate statistics and traditional machine learning* Corresponding author.
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approaches, such as multiple linear regression (MLR), partial least
squares (PLS) [10], principal component regression (PCR) [11],
random forest [12], support vector regression (SVR) [13,14],
gradient boosting regression [15], and some shallow artificial
neural networks [16,17]. While these methods may be effective in
relatively simple systems, they often struggle to achieve satisfac-
tory predictive performance in large-scale chemical processes
characterized by significant non-linearity and strong coupling.
Deep learning techniques, through layer stacking and advanced
network architecture design, can thoroughly extract various deep
features from the data, thereby providing a better fit for the re-
lationships between different variables in industrial production.
With the development of computing technology, deep learning

has made rapid progress in computer vision, natural language
processing, and other fields. Recently, deep learning has been
increasingly applied to industrial processes to build data-driven
models. Shang et al. [18] used deep belief networks (DBN) to
develop a soft sensor model and achieved an accurate estimation
of the 95% cut point of heavy diesel in a crude oil distillation unit.
Similarly, Xie et al. [19] used a variational autoencoder (VAE) for
soft sensor modeling to achieve good predictions even in cases of
missing data. Yuan et al. [20] proposed a semi-supervised stacked
autoencoder (SS-SAE) based on stacked autoencoders (SAE) to deal
with the limited labeled data and is validated on two refining in-
dustries of a debutanizer column and a hydrocracking process.
Typically, DBN and AE are used for static processmodels. However,
real-world chemical processes often exhibit dynamic features,
requiring deep learning models that can extract such dynamic
features. These models include convolutional neural networks
(CNN) [21, 22], long short-term memory networks (LSTM)
[23—25], time convolutional networks (TCN) [26], and Trans-
former [27]. Hong and Tian [28] used LSTM to extract time-series
relationships in catalytic cracking processes and optimized model
hyperparameters with swarm intelligence algorithms (SIA),
achieving an accurate prediction of reaction temperature. This
simple application commonly focuses on global data information
and does not fully exploit local data features. CNN is widely used
for feature extraction of local information. Wang [22] developed a
soft sensor model using CNN for real-time estimation of quality
variables and extraction of local correlations between variables.
Zha et al. [29] combined CNN with LSTM, first employing CNN for
local feature extraction and then LSTM for time dependency
learning. The results showed that this model outperformed LSTM
alone in predicting gas field production. Rather than simply
combining CNN with LSTM, Yuan et al. [30] proposed a multi-scale
attention-based convolutional neural network (MSACNN), which
extracted data features using convolutional kernels of different
sizes and designed a channel-wise attentionmechanism to further
improve prediction performance. The superiority of themodel was
finally validated on the hydrocracking process dataset and the
debutanizer column dataset. In contrast to traditional CNN that
uses a full-range convolutional kernels to extract features on the
feature maps, causal convolution [31] only uses past and present
information for prediction, effectively preventing information
leakage and better suiting process prediction. In chemical pro-
cesses, the use of convolutional kernels of different sizes to extract
causal features from data can facilitate improving the predictive
effect of the final model by fully capturing dynamic time-series
characteristics at different scales due to different residence times
in different devices.
The attention mechanism is a powerful technique that assigns

differentweights to different parts of the data, enabling themodel to
automatically learn the relationships between data inputs and out-
puts during the modeling process. In recent years, attention mech-
anisms have been widely applied to data-driven modeling,

effectively improvingmodel prediction performance and enhancing
model interpretability. Bi and Zhao [32] applied orthogonal self-
attention and variational autoencoders to fault diagnosis and
extracted the correlations between different variables and temporal
dependency among different timesteps, so that fault detection and
identification tasks can be effectively performed and interpretable
results simultaneously obtained. Han et al. [23] combined attention
mechanisms with LSTM for production analysis to explore the cor-
relations between inputs and outputs. They calculated the weights
of hidden layer units for prediction through attention computation.
Attentionmechanisms are also widely used in soft sensor modeling
to enhance the recognition of the relationships between input and
output variables, thereby improving the prediction accuracy of
target variables [33—36].
Therefore, this paper proposes a novel model that combines

multi-scale dilated causal convolutional layers with LSTM for time
series data prediction. In addition, a spatial attention structure is
introduced into the network, which improves the prediction per-
formance of the model and provides insights into the impact of
different input variables on the prediction results. Finally, the
proposed model is successfully applied to a real starch liquefaction
process. The main contributions of this paper are summarized as
follows:

(1) A neural network structure is designed that combinesmulti-
scaleconvolution and LSTM, enabling the extraction of
temporal features at multiple scales, and better adapting to
the residence time differences between different devices
during the liquefaction process.

(2) The combination of the attention mechanism with the
neural network renders the model local interpretability,
while the analysis of the attention weights of the samples
reveals the key input features that contribute to the
outcome.

(3) The model is applied to the corn starch liquefaction process,
achieving a preferable prediction accuracy of R2 = 0.9392.

2. Methodology

In this section, the architecture of the attention-enhanced
multi-time scale long short-term memory network (AMT-LSTM)
is introduced. Key components of the network are briefly
described, including the variable-wise channel attention mecha-
nism, multi-scale temporal feature extraction module, and the
long short-term memory (LSTM) network.

2.1. Basic network structure

(1) Variable-wise channel attention mechanism

Attention mechanisms dynamically adjust the weight distri-
bution of input data in neural networks, enabling the model to
focus on critical information. In computer vision, channel atten-
tion and spatial attention arewidely used to enhance local features
by computing region-specific attention scores. As shown in Fig. 1,
drawing inspiration from channel attention, the proposed
variable-wise channel attention mechanism dynamically weights
features at the sample level to strengthen input feature repre-
sentations. This approach allows for enhanced interpretability
through weight visualization, revealing the relative importance of
different features within localized samples.
To optimize computational efficiency, a window-level feature

weighting strategy is adopted for each individual input sample.
Instead of assigning independent weights to each timestep, this
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method aggregates features across the entire time series, reducing
the number of parameters by a factor of T (where T is the sequence
length). Afterward, a dimensionality expansion and reduction
transformation is applied to obtain attention weights for each
feature. These weights are then multiplied with the corresponding
input features to produce attention-enhanced representations.
This design significantly lowers computational resource con-
sumption, mitigates convergence challenges, and improves
modeling performance. The mechanism is formally described by
Eqs. (1)—(3).

Zavgi =
1
T

∑T

t=1

xi,t (1)

Ai= σ
(

α · tanh
(
WT2Relu

(
WT1Z

avg
i + b1

)
+ b2

))
(2)

X′i,t=Xi,t⊙Ai + Xi,t (3)

where X represents the input data sample, i represents the i-th
feature, Z∈ℝd is the average-pooled value, W1∈ℝd×r and W2∈
ℝr×d are weight matrices, b1∈ℝr and b2∈ℝd denote bias terms, σ
represents the sigmoid activation function, A corresponds to the
computed attentionweight matrix, and⊙ indicates element-wise
multiplication.

(2) Multi-scale temporal feature extraction module

The multi-scale convolution technique employs convolutional
kernels of varying sizes to extract hierarchical features across
different temporal scales. This approach enhances the network’s
capability to capture multi-resolution information while improving
robustness against frequency variations. Typical implementations
utilize parallel convolutional brancheswith differently sized kernels
to obtain multi-scale temporal representations.
In conventional temporal convolution operations, the convo-

lution result at timestep t depends on both preceding and subse-
quent data points due to symmetric padding. As illustrated in
Fig. 2, our causal convolution architecture employs front-zero-
padding and output truncation mechanisms to preserve tempo-
ral causality. For each layer in the causal convolution network, the
output at timestep t strictly depends on historical inputs up to t.
For example, take the collected data of a certain variable i as an
example, the data is Xi = (xi,1, xi,2,⋯, xi,T) and the convolution
kernel is K = (w1,w2,⋯,wK), the standard convolution operation is
shown in Eq. (4), whereas the computational formula using causal

convolution is shown in Eq. (5). The standard convolution uses the
first and last complementary zero padding length of (K—1)/2,
while the use of causal convolution requiresmore padding on both
sides of the length of K—1. After causal convolution, the right end
of the extra (K—1)/2 data, you need to trim off the excess data to
ensure that the length of the data is unchanged.

x
′

conv[t] =
∑K- 1

k=0

w[k]·x[t·s + k - p] (4)

x′causal[t] =
∑K- 1

k=0

w[k] · x[t · s+ k - (K - 1)] (5)

where x′[t] denotes the output at timestep t, subscripts conv and
causal distinguish standard and causal convolution operations, s
represents the stride length, and p specifies the zero-padding
length.
Traditional multi-scale convolution networks typically increase

receptive fields through larger kernel sizes, which inevitably in-
troduces additional parameters and computational complexity. To
address this, we implement dilated convolution layers that stra-
tegically introduce spacing (dilation rates) between kernel ele-
ments. As shown in Fig. 3, this design achieves expanded receptive
fields without parameter inflation while naturally suppressing
high-frequency components through its inherent low-pass
filtering characteristics. Our architecture employs two-layer
dilated convolution blocks with constant dilation rates across
parallel branches rather than progressively increasing rates in
cascaded layers. This configuration ensures focused extraction of
local temporal patterns while maintaining computational
efficiency.

(3) long short-term memory network (LSTM)

LSTM is a special type of recurrent neural network that over-
comes the problems of the vanishing gradient and the exploding
gradients through a gated structure. It can process and predict
time series data of certain lengths. LSTM primarily consists of
input gates, output gates, and forget gates, the structure of which
is illustrated in Fig. 4. Where Xt represents the input at time t. Ct—1,
and Ct represent the cell state at time t—1 and t. ht—1, and ht
represent the output at time t—1 and t. Tanh and σ are activation
functions, and ot, it, and ft represent the output gate, input gate,
and forget gate. The information transmission process of the LSTM
is given by Eqs. (6)—(11).

Fig. 1. Variable channel attention mechanism.
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ft = σ
(
Wf · [ht- 1, xt] + bf

)
(6)

it = σ(Wi · [ht- 1, xt] + bi) (7)

～Ct = tanh(Wc · [ht- 1, xt] + bc) (8)

ot = σ(Wo · [ht- 1, xt] + bo) (9)

ht = ot⊙tanh(Ct) (10)

Ct = ft⊙Ct- 1 + it*～Ct (11)

where ～Ct represents the current cell state. Wf, Wi, Wo, and Wc are
theweightmatrices for the forget gate, input gate, output gate, and
state update. bf, bi, bo, and bc are the biases for the forget gate, input
gate, output gate, and state update, and ⊙ represents the multi-
plication of vector elements. The forget gate and input gate
selectivity update information about the cell state, while the
output gate uses the activation function and cell state to produce
the final output.

2.2. Attention-enhanced multi-time scale long short-term memory
network model

In real-world chemical processes, process variables (such as
pressure and concentration) exhibit distinct frequency differences.
Furthermore, different devices have varying residence times,
leading to disparate temporal features among variables. Tradi-
tional deep learning models, such as long short-term memory
(LSTM), often struggle to effectively extract these multi-scale
temporal features, resulting in performance bottlenecks when
handling complex time-series data. To address this issue, our
research employs multiple convolutional kernels with different
receptive fields to capture local information at various time scales.
By doing so, features of different scales can be synchronized in the
model, allowing for a more comprehensive capture of local dy-
namic features among variables. Additionally, we utilize LSTM to
extract global features, ensuring the integrity of overall informa-
tion. This approach not only enhances the model’s flexibility in
handling complex time-series data but also improves its ability to
extract diverse local features, ultimately providing a new method

for analyzing dynamic features in chemical processes. The
network structure of the 2.2 attention-enhanced multi-time scale
long short-termmemory network proposed in this study is shown
in Fig. 5, and the data flow process in the model is as follows.
The model first employs a channel attention mechanism to

extract spatial features from the input data. As shown in Eq. (12),
the variable-wise channel attention structure obtains weight co-
efficients for each input feature variable. Subsequently, the
attention matrix is multiplied with the input variables to enhance
their features. Finally, through residual connections, the original
input data and the enhanced data are added together to form an
attention-enhanced feature map, thereby increasing the feature
information contained in the data samples.

X′d,t =Xd,t + Attention
(
Xd,t
)
,1 ＜ d ＜ D,1 ＜ t ＜ T (12)

Next, the enhanced input sample feature map is fed into the
multi-scale temporal feature extraction module to effectively
extract local dynamic features of different sizes from the time-
series data. In this module, the model uses multiple
one-dimensional convolutional kernels with different sizes in
parallel. When the kernel size is greater than 5, dilated convolu-
tions are used to form convolutional kernels with different
receptive fields. As shown in Eq. (13), the convolutional kernels
with different receptive fields are applied to the sample feature
map through convolutional operations, generating multiple
feature maps of the same size that are consistent in time steps.
Finally, as shown in Eq. (14), these feature maps are concatenated
along the feature dimension to form a composite featuremap with
multi-scale temporal features.

Ht(causal,i) =
∑Ki - 1

k=0

(
W(causal,i)
k ·X

′

t- di·k,d

+ b(causal,i)k

)
, t ≥ di(Ki - 1) + 1 (13)

Hcausalt =Concat
(
H(causal,1)
t ,H(causal,2)

t ,⋯,H(causal,i)
t

)
(14)

The concatenated feature map with multi-scale temporal fea-
tures is then fed into the LSTM network, where long-term
sequential features inherent in the time-series data are gradually
extracted. This effectively captures the global temporal features

Fig. 2. Architecture of causal convolutional layer network.
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while simultaneously reducing the dimensionality of the feature
space, as shown in Eq. (15).

Hlstmt = LSTM
(
Hcausalt

)
(15)

The model ultimately employs a multi-layer perceptron (MLP)
layer to perform regression tasks. The output data from the LSTM
layer is flattened to meet the input requirements of the fully
connected layer. The fully connected layer is responsible for pre-
dicting the regression target variable, which is achieved through
linear transformations and non-linear activations of the flattened
data, ultimately producing the model’s output result.

㊣Y =ϕ
(
Wmlp · Flatten

(
Hlstmt

)
+ bmlp

)
(16)

In Eqs. (12)—(16), Attention(·) and LSTM(·) denote channel-wise
attention and LSTM-based feature extraction, respectively. Concat
(·) represents the concatenation of different featuremaps. Flatten(·)
indicates the flattening of 2D data. X, H, and Y represent the input
data, intermediate features, and model output, respectively, with
different superscripts indicating the results of different modules.

2.3. Data-driven soft sensor development process

The modeling process framework for real-time estimation of
product quality based on the proposed model is shown in Fig. 6,
which consists of the following three steps:

Step 1. Data preprocessing and sample splitting

After determining the prediction target variable, we first
combine process knowledge and analyze historical data charac-
teristics [37] to perform feature engineering and select an appro-
priate subset of input variables. Next, we collect relevant historical
data and perform missing value imputation, outlier treatment
[38], noise reduction, and other preprocessing steps to improve
data quality and ensure the accuracy of subsequent modeling [39].
Then, sliding window technology is used to expand 1-D data into
2-D data to capture time series features. Finally, the processed data
will be divided into training sets, validation sets, and test sets for
subsequent model training and evaluation.

Step 2. Offline training

The first step in offline training is to determine the model
structure. Next, a set of initial hyperparameters and model pa-
rameters is established. Using the training set, multiple iterations
are conducted to continuously optimize the model gradients and
weights based on the loss function. Throughout the training pro-
cess, the accuracy of the validation set is continuously monitored
to adjust the number of iterations, evaluate the efficacy of hyper-
parameters, and ascertain the optimal conditions for the model
performance on the validation set. Additionally, various optimi-
zation algorithms, such as genetic algorithm, particle swarm al-
gorithm, or Bayesian optimization, can be integrated during model
training and validation to identify a more optimal set of hyper-
parameter settings. Finally, the trained neural network model is
evaluated on the test set to verify its generalization ability and to
ensure its overall efficiency and practicality.

Step 3. Online use

After completing offline training, real-time data is input into
the trained model to enable online product quality estimation.
Concurrently, real-time data is continuously updated in the his-
torical database. It is important to note that devices may experi-
ence model drift due to equipment aging and other operational
problems, affecting prediction performance. Therefore, it is
essential to regularly repeat the above training process to update
the model, ensuring that its prediction performance remains
consistently high.
In this study, the Adam optimizer is selected, one of the most

widely used optimizers in deep learning, to enhance model per-
formance. The mean absolute error (MAE) was employed as the

Fig. 3. Architecture of multi-scale dilated convolutional network.

Fig. 4. Structure of the LSTM model.

Y. Zhuang et al. / Chinese Journal of Chemical Engineering 89 (2026) 132—144136



loss function to guide the direction of the model gradient and
parameter optimization. To evaluate the model fitting effective-
ness, the coefficient of determination (R2) is regarded as the
assessment metric. Additionally, an early stopping strategy is
implemented to prematurely halt the training iterations, thereby
preventing the unnecessary consumption of training resources.
The MAE, RMSE and R2 formulas are presented in Eqs. (17)—(19).

MAE=
1
n

∑n

i=1

|㊣yi - yi| (17)

RMSE =

---------------------------
∑n

i=1
(㊣yi - yi)

2

n

㊣
|
|
|
㊣

(18)

R2 =

1 -
∑N

i=1

(

y
︵

i - yi

)

∑N

i=1

(

y
︵

i - y

) (19)

where N is the number of samples. y
︵
, y and y are the predicted

output value, true value, and mean value of the sample,
respectively.

3. Case study: Starch liquefaction process

3.1. Introduction of starch liquefaction process

A case study of the corn starch liquefaction process is pre-
sented, which is sourced from the corn deep processing factory of
Jilin province. The flowchart illustrating this process is shown in
Fig. 7. This process uses the enzymatic hydrolysis method to
liquefy corn starch, which includes the steps of corn starch
emulsion preparation, starch gelatinization and retrogradation,
and starch enzyme hydrolysis reaction. The process consists of
heat exchangers (E-1, E-2, and E-3), storage tanks (V-1, V-2, and V-
3), flash tank (F-1, F-2, and F-3), high-temperature injectors (I-1
and I-2), high-temperature maintenance pipes (M-1 and M-2),
liquefaction reactors (R-1, R-2, R-3, and R-4), and pumps (P-1, P-2,
P-3, P-4, P-5, and P-6). Firstly, the process begins with corn starch
emulsion from the wet grinding workshop, which is heated and
diluted to achieve the desired concentration and temperature. The
alkaline solution is added to storage tank V-1 to adjust the pH
value. The enzyme is then introduced into storage tank V-2,
and the mixture is thoroughly stirred. Next, the emulsion is
injected into the high-temperature injector, where it is mixed with
high-temperature steam to undergo high-temperature gelatini-
zation. After the emulsion undergoes flash evaporation and cool-
ing, it is subjected to a second injection, and then the emulsion is
sent to the liquefaction reactor R-1. The emulsion is hydrolyzed by
the enzyme to break the 1,4-glycosidic bond, resulting in dextrin,
maltose, maltotriose and maltopentose [40]. Finally, the emulsion
is subjected to further processing and quality inspection and then
sent to the sugar production section. The hydrolysis of corn starch
is a typical bioprocess that exhibits pronounced multi-scale tem-
poral dynamics and complex multivariate coupling. Firstly,
different variables in the process fluctuate at different frequencies,
and the residence times of materials in different units vary
significantly―from a few minutes to several tens of
minutes―resulting in multi-timescale temporal characteristics.
Secondly, due to the complex physicochemical changes involved in
starch transformation and the mutual influence of process

variables across equipment units, the process exhibits a high de-
gree of inter-variable coupling.
In the production process, the factorymustmonitor and control

the dextrose equivalent (DE) value of the liquefied product. The DE
value [41] indicates the percentage of reducing sugar in the dry
matter of sugar syrup. If the DE value is too low, the emulsion is
prone to retrogradation, resulting in high viscosity, which is not
conducive to operation. Additionally, high molecular weight
dextrin that is not completely liquefied will be brought into the
sugarization process, directly affecting the quality of saccharifi-
cation. Conversely, if the DE value is too high, it is not conducive to
the formation of the complex structure between the enzyme and
the substrate in the saccharification process, reducing catalytic
efficiency. Currently, due to technical and economic constraints,
the factory relies on offline sampling at regular intervals to mea-
sure the DE value of the emulsion, which introduces significant
time delays. Therefore, through data-driven modeling, rapid esti-
mation of the product DE value is of great significance for
improving product quality, and immediate changes to operation
strategies can be made accordingly.
The data collection period spanned from February 1, 2023, to

April 30, 2023. After feature engineering based on worker opera-
tion experience and data analysis, a total of 25 process variables
were selected to establish a data-driven model for the target var-
iable. The variables are shown in Table 1. The dataset consists of
3310 data samples and was divided into training sets, validation
sets, and test sets in a ratio of 8:1:1.

3.2. Selection of sliding window size

The sliding window [42] is a widely used technique for time
series prediction, as illustrated in Fig. 8. By defining a window
within the dataset, it is moved forward along the time axis,
transforming the data from a 1D input variable to a 2D input
variable with time steps, thereby obtaining the dynamic char-
acteristics of the data to deal with data delays. However, the
sliding window size selection is an optimized target variable. If
the window size is too small, it may not adequately cover the
entire process residence time, resulting in the omission of
important information and poor model prediction performance.
Conversely, if the window size is too large, it may introduce
redundant information, increasing the number of parameters
required by the model and complicating the training process.
This can lead to premature convergence and a decline in model
performance.
The selection of the sliding window size is an optimization

target. If the window size is too small, it cannot cover the entire
process residence time, resulting in incomplete information and
poor model prediction performance. On the other hand, if the
window size is too large, redundant information is included in the
data, leading to increased model parameters and training diffi-
culty, causing the model to converge prematurely and resulting in
poor performance. To reduce the optimization cost of subsequent
models, this study selects a time length of 100 min, covering a
complete cycle of starch milk flow after liquefaction treatment,
resulting in a fixed time window size of 20 time steps.

3.3. Hyperparameter optimization

Hyperparameters are parameters in machine learning that
must be set before training, such as learning rate, network struc-
ture and optimizer. Unlike model parameters, hyperparameters
cannot be learned directly from the training data. Inappropriate
hyperparameters can lead the network to local optima, signifi-
cantly affecting model performance. Therefore, adjusting

Y. Zhuang et al. / Chinese Journal of Chemical Engineering 89 (2026) 132—144 137



hyperparameters has a significant impact on model performance.
Compared to the grid search method and genetic algorithm, the
Bayesian optimization [43] can find a better hyperparameter
combination with fewer iterations. Bayesian optimization builds a
probabilistic surrogate model based on historical evaluations of
the objective function and gradually finds the set of hyper-
parameters that minimizes or maximizes the objective function
through optimization of the acquisition function. When using
Bayesian optimization for hyperparameters, it is generally neces-
sary to determine several components: the objective function,
which is the metric to be minimized or maximized. In this study,
the objective is to maximize the R2 value on the validation set.
There is also the domain space, which is the range of values for the
hyperparameters to be searched, primarily including network ar-
chitecture and some training parameters. The probabilistic sur-
rogate model is used to model the objective function, with
common functions including Gaussian process regression (GP),
sequential model-based algorithm Configuration (SMAC), and
Tree-structured Parzen Estimator (TPE). The acquisition function is
used to explore the next sampling point, commonly including

expected improvement (EI), probability of improvement (PI), and
upper confidence bound (UCB). Additionally, the results history
stores the results of the objective function evaluations. In this
study, since it takes about 10min to train a set of hyperparameters,
using Bayesian optimization can help reduce the training costs of
the model.
Optuna [44] is an open-source Python library for hyper-

parameter optimization that can be used to implement TPE
Bayesian optimization easily. In this study, the main optimized
hyperparameters include the parallel dilated causal convolution
structure, the LSTM network structure, the MLP layer structure,
and the learning rate of the model training. Specifically, the initial
kernel size for the convolutional layers is set to 3, and for each
additional parallel convolutional layer, a dilated convolution is
added with the dilation rate increasing exponentially by a factor of
2. In addition to the above hyperparameters, this study also set an
early stopping strategy with a patience value of 100, a batch size of
128 for model training, and used the Adam optimizer for optimi-
zation. The range of each hyperparameter and the optimization
results are summarized in Table 2. Where Nbranch is the number of

Fig. 5. The structure of the AMT-LSTM.
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parallel convolutional layers. Cchannel is the number of hidden units
in convolutional layers. Llstm is the number of layers in a stacked
LSTM layer. Hlstm is the number of hidden units in each layer of
LSTM. Lmlp is the number of linear layers in a fully connected layer.
Hmlp is the number of hidden units in a fully connected layer. Lr is
the learning rate used in the model training.

4. Results and Discussion

A data-driven model was developed based on the corn lique-
faction process to perform a soft sensor of the DE value of the
liquefied product. The model performance was compared with

various predictive models, and some of the prediction results were
analyzed.

4.1. Accuracy comparison of different models

To validate the superior performance of the proposed AMT-
LSTM model in temporal modeling, five representative models
were selected for comparative analysis: multi-layer perceptron
(MLP), CNN, LSTM, temporal convolutional network (TCN), and
Transformer. It should be noted that while MLP is not specifically
designed for temporal modeling and CNN can process sequential
information, LSTM, TCN, and Transformer are all established deep

Fig. 6. Framework of soft sensor modeling based on AMT-LSTM.

Fig. 7. Flowchart of starch liquefaction.
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learning models for time series analysis. Table 3 presents the MAE,
RMSE, and R2 metrics of the six models across training and testing
sets. As evidenced in Table 3, MLP and CNN models exhibit
significantly lower R2 values compared to dedicated temporal
models. Although LSTM and Transformer demonstrate superior
performance on training data, their test set performance degrades
substantially, indicating poor generalization capability. The TCN
network achieves the second-best performance on the validation
set after the proposed AMT-LSTM model, showing the lowest de-
gree of overfitting. The proposed AMT-LSTM model demonstrates
significant advantages across all metrics, achieving 3% to 8%
improvement in R2 compared to conventional deep learning
models for temporal modeling.
Fig. 9 presents a comparison of the predicted and actual

values of all models. By contrast, we find that MLP merely flat-
tens the input 2D matrix and performs linear and nonlinear

transformations, failing to capture the temporal features across
different time steps within the data, resulting in poor perfor-
mance in the time-series dynamic data regression task. The
traditional CNN model extracts correlations between variables
along the time dimension using convolutional kernels, its results
are oversimplified. It tends to focus more on local correlations
between variables, making it difficult to capture long-term
global features. LSTM and Transformer can capture global dy-
namic features, enabling them to fit the overall curve. However,
during the information transmission process, they gradually lose
some local details between features, resulting in large errors
between predicted and actual values. The TCN model, on the
other hand, captures long-term dynamic features through causal
convolution and also extracts local dynamic features, leading to
relatively better prediction performance. However, the model’s
use of dilated convolutions means it is not adept at performing
multi-scale feature extraction on the same time-series data,
resulting in a weaker ability to capture local features of different
frequencies and scales. In contrast, AMT-LSTM, through its par-
allel dilated causal convolution, captures dynamic features at
different time scales and combines the strengths of recurrent
networks in extracting long-term features, making it more
sensitive to local dynamic changes and better able to capture
local features of varying sizes, thus producing predicted values
that are closer to the actual values.
To visually illustrate the prediction differences among the

models, a box plot was created, as shown in Fig. 10. The box plot
indicates that the prediction errors of the AMT-LSTM model are
more tightly clustered around zero, featuring a smaller inter-
quartile range and fewer outliers. Additionally, themaximum error
sample value for the AMT-LSTM model is lower than that of the
other models. This demonstrates the superior performance of the
AMT-LSTM model.

4.2. Ablation experiment

Ablation experiments are conducted to evaluate the impact of
individual components on the overall performance of the deep
learning model by modifying its partial structure. This section
aims to verify the effectiveness of each module in the proposed
AMT-LSTMmodel by comparing four variants: 1) AM-LSTM, whichFig. 8. Sliding window transformation from 1D to 2D data.

Table 1
Input and output variables of the starch liquefaction process.

Output: The DE value of liquefied liquid

Inputs:
X1 Pressure I of injector (I-1)
X2 Pressure II of injector (I-1)
X3 Level of configuration tank (V-2)
X4 Pressure of injector (I-2)
X5 Level of flash tank (F-3)
X6 Flowrate of alkaline solution
X7 Control of pump (P-1) for alkaline solution
X8 Steam conditioning valve for injectors (I-2)
X9 Outflow from starch emulsion tank (V-2)
X10 Temperature of the inlet to maintenance tube (M - 1)
X11 Temperature of inlet to flash tank (F-1)
X12 Control of injector (I-2)
X13 Temperature of PH conditioning tanks (V-3)
X14 Temperature of liquefaction reactor
X15 Pressure of flash tanks (F-1)
X16 Inflow of starch emulsion from the previous process
X17 Inflow to the liquefaction reactor
X18 Control of pump (P-5) for liquefaction reactors
X19 Quantity of liquefied enzyme
X20 Signal feedback II from injector (I-1)
X21 Pressure of inlet to flash tank (F-1)
X22 Dry matter content of starch emulsion
X23 Temperature of the inlet to the maintenance tube (M-2)
X24 Display of pump for liquefaction into the reactor
X25 Dry matter content of configuration tank (V-2)

Table 3
The MAE, RMSE and R2 of the studied deep learning models on training, and testing
datasets.

Model Training Testing

MAE RMSE R2 MAE RMSE R2

MLP 0.6552 0.9234 0.1778 0.5566 0.7515 0.1558
CNN 0.3297 0.5747 0.7649 0.3786 0.6195 0.5479
LSTM 0.1019 0.1620 0.9700 0.2027 0.308 0.8582
TCN 0.1921 0.3338 0.9147 0.1685 0.3002 0.9037
Transformer 0.0896 0.1511 0.9780 0.1809 0.3097 0.8566
AMT-LSTM 0.0802 0.1340 0.9827 0.1111 0.2016 0.9392

Table 2
The optimized hyperparameter for the AMT-LSTM model.

Name of the variable Range of values Final selection result

Nbranch 2—6 3
Cchannel 15—40 25,30,30
Llstm 1—4 2
Hlstm 30—80 42,80
Lmlp 1—4 2
Hmlp 40—200 1,44
Lr 0.0005—0.005 0.0015
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only contains the variable channel attention mechanism; 2) MT-
LSTM, which only includes the multi-scale temporal feature
extraction layer; 3) AMT-LSTM (without dilation), which uses an
attention-enhanced module without dilation; 4) the complete
AMT-LSTM network. With consistent hyperparameters for the
samemodules, themodels are trained, and the prediction accuracy
and fitting curves of the real and predicted values are shown in
Table 4.
Through the ablation experiment, it is found that the main

contribution to the performance improvement of themodel comes
from the multi-scale temporal feature extraction module, which
extracts temporal features of different scales using convolutional
kernels with multiple receptive fields. Moreover, the use of dilated
convolutional kernels instead of regular convolutional kernels is
more suitable for mathematical modeling of the corn starch
liquefaction process, resulting in a 2.1% increase in the R2 index.
Additionally, the channel attention mechanism assigns dynamic
weights to different process variables, slightly improving the
model’s prediction accuracy by approximately 1% of the R2 index.
AlthoughMT-LSTM has a slightly higher accuracy on the validation

set than AMT-LSTM, its accuracy on the test set is lower, indicating
that the channel attention mechanism can significantly reduce the
model’s overfitting. Through the combined effect of these mod-
ules, the AMT-LSTM model outperforms the ablated models in
terms of MAE, RMSE, and R2 on the independent test set, fully
verifying the applicability of the proposed model for corn starch
liquefaction process modeling.

4.3. Attention weighting analysis

The trained AMT-LSTM model effectively fits the mapping
relationship between the input variables and the quality variables.
By analyzing the weights of the attentional layers in the AMT-
LSTM network, we determine which weights are occupied by the
different variables in the current sample for the predicted target.
For the analysis, we selected a relatively low-quality sample of the
target. We visualized the channel attention in the attention
structure as a bar chart, as shown in Fig. 11.
From the analysis of the attention weights, it can be seen that

we can identify the most critical input variables in each sample,

Fig. 9. Comparison of predicted and true values of the six models: (a) MLP, (b) CNN, (c) Transformer, (d) LSTM, (e) TCN, (f) AMT-LSTM.
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thus revealing the local interpretability within the model to a
certain extent and enhancing the credibility of the model. In
addition, when there is a low-quality product, the model can
analyze the most important input variables at the moment by
using the attention weights. This can help engineers perform
root cause analysis based on the importance ranking of input
variables, facilitating a more effective operational response to
achieve improvements in product specifications within the
optimal range.

Fig. 11. Bar of attention weights for the sample.

Fig. 10. Box plots of prediction errors of six models.

Table 4
Fitting effects of the ablation experimental model on the training and testing sets.

Model Training Testing

MAE RMSE R2 MAE RMSE R2

AM-LSTM 0.1033 0.1656 0.9736 0.1579 0.2632 0.8614
MT-LSTM 0.086 0.1400 0.9811 0.1040 0.1896 0.9282
AMT-LSTM(no dilation) 0.0841 0.1493 0.9824 0.1161 0.2082 0.9134
AMT-LSTM 0.0802 0.1340 0.9827 0.0943 0.1743 0.9392
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5. Conclusions

To address the complex temporal characteristics in the starch
liquefaction process data, this paper proposes a novel AMT-LSTM
model. The model effectively extracts multi-time scale informa-
tion fromthedata by integratingaparallelmulti-scale dilated causal
convolution with the LSTM network. Compared to traditional
models, thismethodachievesanR2valueof0.9392 in the cornstarch
liquefaction case, demonstrating its high accuracy. Moreover, the
model introduces a spatial attention mechanism, which automati-
cally assignsweights to different process variables. By analyzing the
attention heat map of individual samples, the model identifies key
variables that significantly influence the outcome. This process
provides valuable references forworkers in formulating operational
strategies or optimizing operational parameters.
Currently, the input format of the data is still a sequence.

However, in the chemical industry, different operating variables
exist in a complex non-Euclidean space. Therefore, further
research is needed to find more suitable data representation
methods, such as using graph-based structures [45—47] to repre-
sent the input data. In this approach, variables are treated as nodes
in the graph, with connections between nodes determined by the
underlying relationships among variables. This structure can
integrate the prior knowledge of the process into the internal
structure of the model, thereby enhancing the generalization and
credibility of the model. However, constructing such an explicit
graph structure is inherently challenging and constitutes a key
focus of our future research.
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