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ABSTRACT 
Dynamic process modeling in process industries has been extensively studied, especially with the 
development of deep learning techniques. Recurrent neural networks (RNN) and stacked autoen-
coders (SAE) are two powerful tools for dynamic modeling and data processing. However, most 
existing research primarily focuses on extracting features from process input data, often neglect-
ing the temporal autocorrelation of output variables. In this work, a hierarchical model based on 
time-series RNN structure is proposed. The upper layer employs a long short-term memory (LSTM) 
network to extract temporal features from process input data. The lower layer uses a gated recur-
rent unit (GRU) to model the temporal dependencies of output variables across samples. These 
two parts are concatenated to form the model. Additionally, SAE is utilized to perform dimension-
ality reduction and reconstruction of process input, seamlessly integrating the reconstruction pro-
cess with the RNN into a unified framework, termed the AR-SAE-RNN model. Distributed training 
is employed to effectively learn the model parameters. The proposed AR-SAE-RNN model has 
been applied to an industrial distillation column. The results demonstrate the model's effectiveness 
in capturing the dynamic behavior of the system. 

Keywords: Dynamic process modeling, RNN, SAE 

1. INTRODUCTION 
In recent years, with the rapid advancement of pro-

duction and information technologies, as well as the shift 
towards customized and refined product demands, pro-
cess industries, represented by chemical processes, 
have become increasingly complex. The various coupled 
unit operations and energy consumption reduction strat-
egies have made process industry modeling a challenge. 
On the timescale, process industry modeling can be clas-
sified into two categories: steady-state models and dy-
namic models, with dynamic models playing a dominant 
role as they better capture the temporal dependencies in 
real-world production processes. There are generally 
three approaches to dynamic process modeling: mecha-
nistic-driven, data-driven, and hybrid mechanistic-data-

driven models. Among these, mechanistic-driven and hy-
brid-driven models typically involve the modeling and 
solving of ordinary differential equations (ODE) or differ-
ential-algebraic equations (DAE), which require signifi-
cant computational resources and time. In contrast, data-
driven models, due to their simplicity and low depend-
ence on process-specific backgrounds, have strong po-
tential for application in dynamic modeling. 

Data-driven models, in short, involve distinguishing 
between input and output variables of process data and 
constructing black-box models between these variables. 
The burgeoning amount of process data in the process 
industry has highlighted the advantages of deep learning 
techniques [1]. Among these, structures such as stacked 
autoencoders (SAE) [2], recurrent neural networks (RNN) 
[3], and their variants have been widely applied [4,5]. 
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Stacked Autoencoders and their variants are powerful 
tools for semi-supervised learning and handling missing 
data. When applied to dynamic modeling, they can per-
form feature extraction, dimensionality reduction, and 
denoising on the input data in a semi-supervised manner, 
making the data more suitable as model inputs [6-8]. 
RNN can extract temporal features from input variables, 
and variants such as gated recurrent units (GRU) and 
long short-term memory (LSTM) networks, by introduc-
ing gating mechanisms and memory units, further ad-
dress the issues of vanishing and exploding gradients in 
traditional RNN, making RNN increasingly powerful in dy-
namic modeling [9,10]. 

However, research on the application of RNN to dy-
namic modeling in process industries has primarily fo-
cused on the input process variables [10,11], neglecting 
the autocorrelation of output variables over time. Specif-
ically, the past states of output variables can also influ-
ence the current state. Although some studies [12] have 
included past output variables as inputs, this approach 
requires the actual values of the output variables from 
previous time steps, which imposes high demands in 
practical industrial settings and may introduce delays. 
Therefore, for dynamic systems with highly autocorre-
lated output variables, it is crucial to indirectly incorpo-
rate the influence of historical states into the RNN model.  

Furthermore, most research on the application of 
SAE and its variants to dynamic modeling typically first 
uses SAE for input reconstruction, then constructs a dy-
namic model based on the reconstructed inputs, with the 
two processes being independent and lacking effective 
integration. Based on this, this paper proposes a tem-
poral RNN model with an integrated SAE module that 
considers the autocorrelation of output variables. The 
model effectively learns the parameters through distrib-
uted training, and its effectiveness is validated in a real-
world soft sensor case for a distillation column. 

2. MODEL CONSTRUCTION AND 
TRAINING 

In dynamic modeling, the conventional approach 
typically involves using RNN models to extract temporal 
features from input data for each sample, followed by fit-
ting the corresponding output data. However, this ap-
proach often neglects the autocorrelation of the output 
variables or the inter-sample correlations. To address 
this limitation, we propose a hierarchical model. The up-
per layer extracts temporal features from input data 
within each sample, while the lower layer captures tem-
poral dependencies of output data across samples. The 
features from both layers are concatenated to predict the 
output variables. Given the complexity of processing 
high-dimensional input data in the upper layer, we em-
ploy the LSTM model for its advanced feature extraction 

capabilities. In contrast, the lower layer focuses solely on 
the temporal modeling of output variables, allowing us to 
simplify the structure by utilizing a GRU model. Addition-
ally, we incorporate a SAE module to reconstruct input 
data, effectively integrating input reconstruction and 
model regression into a unified framework. This inte-
grated model is termed the Autoregressive-Stacked Au-
toencoder-Recurrent Neural Network (AR-SAE-RNN). 

2.1 Sample Reorganization 
Before introducing the AR-SAE-RNN model, we pre-

process the standard sample data by reorganizing it. For 
an input-output dataset (Xʼ, Yʼ ): 

𝑋𝑋′ = [𝑥𝑥𝑖𝑖′]𝑖𝑖=1𝑁𝑁     (1) 

𝑌𝑌′ = [𝑦𝑦𝑖𝑖′]𝑖𝑖=1𝑁𝑁     (2) 

where N is the total number of samples, xi₩ represents the 
input data of the i-th sample, and yi₩ is its corresponding 
output data. We then reorganize the samples, combining 
K consecutive original samples into a single new sample: 

𝑥𝑥𝑗𝑗 = [𝑥𝑥𝑖𝑖′, 𝑥𝑥𝑖𝑖+1′ ,⋯ , 𝑥𝑥𝑖𝑖+𝐾𝐾−1′ ]𝑖𝑖=𝑗𝑗  (3) 

𝑦𝑦𝑗𝑗 = [𝑦𝑦𝑖𝑖+𝐾𝐾−1′ ]𝑖𝑖=𝑗𝑗   (4) 

To maximize data utilization, we set the sliding step 
size to 1 during the reorganization process, generating 
the following reorganized samples: 

𝑋𝑋 = [𝑥𝑥𝑗𝑗]𝑗𝑗=1𝑁𝑁−𝐾𝐾+1   (5) 

𝑌𝑌 = [𝑦𝑦𝑗𝑗]𝑗𝑗=1𝑁𝑁−𝐾𝐾+1   (6) 

After reorganization, the total number of samples 
becomes N−K+1, effectively discarding the first K−1 orig-
inal samples. In the reorganized dataset, the K input sam-
ples are used to predict the output variables of the K-th 
sample. 

2.2 Model Architecture 
The structure of the proposed AR-SAE-RNN model 

is shown in Fig. 1 and comprises three components: 
(1) SAE Module: This module performs dimensional-

ity reduction and reconstruction of the raw input x, ex-
tracting deep features z. 

(2) LSTM Module: Using the deep features z ex-
tracted from the SAE module as input, this module cap-
tures temporal features of the input data within each 
sample, generating hidden states htk. 

(3) GRU Module: Taking the hidden state hTk of the 
T-th time step of the LSTM unit in each sample as input, 
this module extracts temporal features of the output var-
iables across samples.  

Finally, the hidden state sk+K of the K-th sample in 
the GRU module is concatenated with the hidden state 
hTk+K of the T-th time step in the LSTM module to predict 
the output variables of the K-th sample. 



 

Hu et al. / LAPSE:2025.0187 Syst Control Trans 4:229-234 (2025) 231  

Assuming there are E stacked layers, the SAE mod-
ule can be expressed as: 

𝑧𝑧(0) = 𝑥𝑥    (7) 

𝑧𝑧(𝑒𝑒) = 𝜎𝜎�𝑊𝑊𝑆𝑆𝑆𝑆𝑆𝑆
(𝑒𝑒)𝑧𝑧(𝑒𝑒−1) + 𝑏𝑏𝑆𝑆𝑆𝑆𝑆𝑆(𝑒𝑒)� (8) 

𝑒𝑒 = 1,2,⋯ ,𝐸𝐸    (9) 

where WSAE and bSAE are trainable parameters, σ is the 
activation function, and E is a hyperparameter. 

The second component is a standard LSTM unit, ex-
cept that its input is the deep feature z from the SAE 
module instead of the raw input x. The LSTM unit model 
for the k-th sample at the t-th time step is defined as: 

𝑓𝑓(𝑡𝑡) = 𝜎𝜎�𝑊𝑊𝑓𝑓𝑓𝑓𝑧𝑧𝑡𝑡𝑘𝑘 + 𝑊𝑊𝑓𝑓ℎℎ𝑡𝑡−1𝑘𝑘 + 𝑏𝑏𝑓𝑓� (10) 

𝑖𝑖(𝑡𝑡) = 𝜎𝜎�𝑊𝑊𝑖𝑖𝑖𝑖𝑧𝑧𝑡𝑡𝑘𝑘 + 𝑊𝑊𝑖𝑖ℎℎ𝑡𝑡−1𝑘𝑘 + 𝑏𝑏𝑖𝑖�  (11) 

𝑜𝑜(𝑡𝑡) = 𝜎𝜎�𝑊𝑊𝑜𝑜𝑜𝑜𝑧𝑧𝑡𝑡𝑘𝑘 + 𝑊𝑊𝑜𝑜ℎℎ𝑡𝑡−1𝑘𝑘 + 𝑏𝑏𝑜𝑜� (12) 

𝐶̃𝐶(𝑡𝑡) = 𝑡𝑡𝑡𝑡𝑡𝑡ℎ�𝑊𝑊𝑐𝑐𝑐𝑐𝑧𝑧𝑡𝑡𝑘𝑘 + 𝑊𝑊𝑐𝑐ℎℎ𝑡𝑡−1𝑘𝑘 + 𝑏𝑏𝑐𝑐� (13) 

𝐶𝐶(𝑡𝑡) = 𝑓𝑓(𝑡𝑡) ⊙𝐶𝐶(𝑡𝑡−1) + 𝑖𝑖(𝑡𝑡) ⊙ 𝐶̃𝐶(𝑡𝑡) (14) 

ℎ𝑡𝑡𝑘𝑘 = 𝑜𝑜(𝑡𝑡) ⊙ 𝑡𝑡𝑡𝑡𝑡𝑡ℎ (𝐶𝐶(𝑡𝑡))  (15) 

𝑡𝑡 = 1,2,⋯ ,𝑇𝑇    (16) 

where Wfz, Wfh, bf, Wiz, Wih, bi, Woz, Woh, bo, Wcz, Wch, bc 
are trainable parameters, σ and tanh are activation 
functions, and T is a hyperparameter. 

The third component is a standard GRU unit, with its 
input being the hidden state output by the LSTM module. 
The GRU model for the k-th sample (considered as the k-

th time step in the GRU module) is defined as: 

𝑟𝑟(𝑘𝑘) = 𝜎𝜎�𝑊𝑊𝑟𝑟ℎ𝑇𝑇𝑘𝑘 + 𝑈𝑈𝑟𝑟𝑠𝑠𝑘𝑘−1�  (17) 

𝑔𝑔𝑔𝑔(𝑘𝑘) = 𝜎𝜎�𝑊𝑊𝑔𝑔𝑔𝑔ℎ𝑇𝑇𝑘𝑘 + 𝑈𝑈𝑔𝑔𝑔𝑔𝑠𝑠𝑘𝑘−1�  (18) 

𝑠̃𝑠𝑘𝑘 = 𝜑𝜑 �𝑊𝑊𝑔𝑔ℎ𝑇𝑇𝑘𝑘 + 𝑈𝑈𝑔𝑔�𝑟𝑟(𝑘𝑘) ⊙𝑠𝑠𝑘𝑘−1�� (19) 

𝑠𝑠𝑘𝑘 = 𝑔𝑔𝑔𝑔(𝑘𝑘)𝑠𝑠𝑘𝑘−1 + (1 − 𝑔𝑔𝑔𝑔(𝑘𝑘))𝑠̃𝑠𝑘𝑘  (20) 

𝑘𝑘 = 1,2,⋯ ,𝐾𝐾   (21) 

where Wr, Ur, Wgz, Ugz, Wg, Ug are trainable parameters, 
σ and φ are activation functions, and K is a hyperparam-
eter. 

The final prediction of the output variables is given 
by: 

𝑦𝑦�𝑘𝑘+𝐾𝐾 = 𝑊𝑊𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ𝑇𝑇𝑘𝑘+𝐾𝐾 + 𝑊𝑊𝐺𝐺𝐺𝐺𝐺𝐺𝑠𝑠𝑘𝑘+𝐾𝐾 (22) 

where WLSTM and WGRU are trainable parameters. To pre-
vent overfitting on the training set, regularization and 
dropout modules were incorporated into both the LSTM 
and GRU models. 

2.3 Loss Function Design 
For general dynamic modeling tasks, the loss func-

tion is typically defined as the difference between the 
predicted output variables and the actual value. In the 
proposed AR-SAE-RNN model, to effectively integrate in-
put reconstruction and model regression, the loss func-
tion includes not only the prediction error of the output 
variables but also the reconstruction error of the input: 

 
Figure 1. AR-SAE-RNN Model Architecture. 
 

z1
k z2

k zT
k

LSTM-Unit

…
z1

k+K z2
k+K zT

k+K

LSTM-Unit

sk-1 sk sk+1 sk+K

GRU-Unit

Fully connected layer

h0
k h1

k hT
k h0

k+K h1
k+K hT

k+K

SAE

…

…

… …

x1
k

x2
k

xT
k

…

x1
k~ 

x2
k~ 

xT
k~ 

z1
k

z2
k

zT
k

…

…

… ……

x1
k+K

x2
k+K

xT
k+K

z1
k+K

z2
k+K

zT
k+K

x1
k+K~ 

x2
k+K~ 

xT
k+K~ 

hT
k hT

k+1 hT
k+KhT

k+2
hT

k+K



 

Hu et al. / LAPSE:2025.0187 Syst Control Trans 4:229-234 (2025) 232  

𝑙𝑙 = 𝛼𝛼
1

𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑇𝑇
� ��𝑥𝑥�𝑡𝑡𝑘𝑘 − 𝑥𝑥𝑡𝑡𝑘𝑘�

2
𝑇𝑇

𝑡𝑡=1

𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑘𝑘=1

 

+ 1
𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

∑ (𝑦𝑦�𝑘𝑘 − 𝑦𝑦𝑘𝑘)2𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑘𝑘=1   (23) 

where Γ  is the hyperparameter representing the 
weight of the input reconstruction, and NTrain denotes the 
number of training samples. The calculation model for the 
reconstructed input 𝒙𝒙�𝒕𝒕𝒌𝒌 can be referenced from the liter-
ature [6]. 

2.4 Model Training and Evaluation 
The proposed AR-SAE-RNN model is relatively com-

plex, and training all the parameters simultaneously may 
lead to divergence. Therefore, a distributed training 
strategy is adopted: the model parameters are trained 
sequentially in the order of SAE, LSTM, and GRU. At each 
step, only the parameters of one module are trained while 
freezing the others. After all modules are pre-trained, a 
fine-tuning process is applied to jointly optimize all pa-
rameters. Notably, distributed training is also required for 
the SAE module, and the specific method can be referred 
to in the literature [6]. 

After training, the model performance is evaluated 
using two widely accepted metrics: root mean square er-
ror (RMSE) and the coefficient of determination (R²): 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = � 1
𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

∑ (𝑦𝑦�𝑘𝑘 − 𝑦𝑦𝑘𝑘)2𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑘𝑘=1  (24) 

𝑅𝑅2 = 1 −
∑ (𝑦𝑦�𝑘𝑘−𝑦𝑦𝑘𝑘)2𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑘𝑘=1

∑ (𝑦𝑦𝑘𝑘����−𝑦𝑦𝑘𝑘)2𝑁𝑁𝑇𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟
𝑘𝑘=1

  (25) 

where 𝒚𝒚𝒌𝒌��� represents the mean value of the output varia-
bles in the training set. 

3. INDUSTRIAL APPLICATION 
The industrial case study presented in this paper fo-

cuses on the distillation column in the product separation 
section of the production process, as shown in Fig. 2. In 
this distillation column, the bottom product stream is 
composed of heavy key components with a high purity. 
The top product stream consists of a mixture of various 
components, which undergo secondary separation 
downstream.  

The purity of the heavy key components in the top 
liquid product directly influences the purity of the bottom 
product and the difficulty of the downstream secondary 
separation. This is a critical indicator in the system, re-
ferred to as HKC. Therefore, this study constructs a dy-
namic model with other process variables as inputs and 
the HKC purity as the output, aiming to achieve real-time 
soft sensing of HKC purity. 

 

Figure 2. Separation Distillation Column. 

As shown in Fig. 2, all process variables were sam-
pled at a frequency of 1 minute. The HKC purity was 
measured online using Raman spectroscopy at a fre-
quency of 10 minutes, which is costly. We collected 70 
days of process data for model development. We first ap-
plied the 3σ rule to remove outlier samples. For the re-
maining valid samples, we used cubic spline interpolation 
to impute missing values in the process data. Finally, to 
ensure stable training of the neural network model, both 
the process data and output variables were normalized. 
Then, the dataset was divided into training, validation, 
and test sets in a ratio of 5:1:4. 

To evaluate the performance of the AR-SAE-RNN 
model, the standard LSTM model was used as the base-
line. Additionally, SAE-LSTM and LSTM-GRU models 
were included to assess the individual contributions of 
each module to prediction accuracy. All hyperparameters 
mentioned in this paper, including training-related pa-
rameters such as learning rate, were optimized through 
grid search. 

The prediction performance on the test set is shown 
in Fig. 3, while the RMSE, R², and training time are sum-
marized in Table 1. The results of hyperparameter tuning 
are summarized in Table 2. The standard LSTM model, 
benefiting from a large amount of training data, achieved 
accurate predictions for overall trends. However, its local 
prediction accuracy was suboptimal, with significant er-
rors observed in many regions. By incorporating input di-
mensionality reduction through SAE, as well as temporal 
modeling of the HKC purity across samples using GRU, 
the AR-SAE-RNN model not only maintained accurate 
overall trend predictions but also significantly improved 
local prediction accuracy, achieving a 25% improvement 
in RMSE. Additionally, LSTM is designed to capture long-
term dependencies but lacks inherent noise-filtering 
mechanisms, meaning it learns and propagates both use-
ful patterns and noise through its hidden states. In con-
trast, the AR-SAE-RNN model integrates a SAE and a 
GRU, both of which contribute to noise reduction. The 
SAE compresses and extracts key features from the input 
data, filtering out irrelevant fluctuations before they 
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reach the recurrent layers. Additionally, the GRU, with its 
simpler gating mechanism, is more resistant to noise ac-
cumulation, refining the hidden state representations and 
further attenuating residual noise. As a result, the AR-
SAE-RNN model produces smoother and more robust 
predictions, making it more effective for handling noisy 
industrial data. 

Table 1: Summary of Results for Four Models. 

Model RMSE R Training-
Time(min) 

LSTM    
SAE-LSTM    
LSTM-GRU    

AR-SAE-RNN    

Table 2: Hyperparameter Results. 

Hyperparameter Result 
E  

T  
K  
Γ   

Lr(Pre-Trained) e- 
Lr(Fine-Tuning) e- 

Batch  
LSTM Hidden Size  
GRU Hidden Size  

Epoch(SAE)  
Epoch(LSTM)  
Epoch(GRU)  

Epoch(Fine-Tuning)  
Dropout  

From Table 1 and Fig. 3, it is evident that the GRU 
module has the most significant impact on improving pre-
diction accuracy. This underscores the importance of 
considering the autocorrelation of output variables in dy-
namic modeling. Furthermore, the proposed model does 
not rely on the actual values of past output variables as 
inputs, making it more practical for industrial applications. 

 
Figure 3. Comparison of predicted results and ground truth among four models. 
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4. CONCLUSION 
To address the challenges of dynamic modeling, the 

proposed AR-SAE-RNN model introduces a novel ap-
proach compared to traditional RNN models by effec-
tively accounting for the autocorrelation of output varia-
bles. The model integrates temporal modeling of output 
variables across samples while leveraging SAE to recon-
struct input features. This unified framework has demon-
strated excellent performance in the soft sensing case 
study of the distillation column. 

Moreover, we aim to enhance our model in three key 
aspects as part of our future work. First, we will upgrade 
the SAE to a Variational Autoencoder (VAE), which en-
codes data as a probability distribution rather than a de-
terministic value, improving robustness by filtering noise 
in abnormal process data. Second, we will incorporate an 
attention mechanism into the GRU modeling of output 
variable autocorrelation, allowing the model to focus on 
the most relevant hidden states and improving predictive 
accuracy. Finally, we aim to integrate a mechanistic 
model for the distillation unit by constructing a simplified 
dynamic wave model that captures the temporal and 
spatial distribution of component compositions along the 
column height. This framework will decompose the tem-
poral network into three components: sequential model-
ing of process data, autocorrelation modeling of output 
variables, and spatial correlation modeling of output var-
iables, which will be combined to enhance predictive per-
formance. 
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