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ABSTRACT

Background. Baijiu, a traditional Chinese distilled liquor, is produced using grains as the primary raw mate-
rial. A key component in this process is jiupei (the fermented grain mash), which serves as the essential sub-
strate, particularly in traditional solid-state fermentation methods, such as those employed in Baijiu production.
Jiupei is a semi-solid mixture obtained by crushing steaming grains and mixing them with fermentation starters
(qu), and then subjecting them to saccharification and fermentation in fermentation vessels, such as pits or jars.
Materials and methods. To address the need for real-time prediction of key physicochemical parameters —
such as total acid, total ester, and total alcohol — during jiupei fermentation, a hybrid deep learning model
was developed. This model integrates a Convolutional Neural Network (CNN), Long Short-Term Memory
(LSTM) network, and an attention mechanism. The concentrations of total acid, total ester, and total alcohol
during fermentation were precisely quantified using a combination of chemical analysis and gas chroma-
tography. Environmental variables, including temperature, humidity, carbon dioxide concentration, and pH,
were then selected based on their significant associations with the target parameters as identified by Spear-
man’s rank correlation coefficients. This non-parametric approach effectively addressed the challenges posed
by non-normal data distributions during feature selection.

Results. Experimental results demonstrate that, compared to the single LSTM model, the proposed model
improves the prediction determination coefficients (R?) for total acids, total esters, and total alcohols by
17.40%, 3.80%, and 5.70%, respectively. Additionally, the mean absolute error (MAE) and root mean square
error (RMSE) remain consistently below 0.019 and 2.890, respectively, while the goodness of fit exceeds
0.73 across all parameters. These results confirm that the model significantly enhances predictive accuracy
and robustness in modeling nonlinear fermentation processes.

Conclusion. Environmental factors, including temperature, humidity, carbon dioxide concentration, and pH,
have a significant impact on key physicochemical indicators such as total acid, total ester, and total alcohol dur-
ing the Baijiu fermentation process. These influences directly affect fermentation efficiency and the quality of
base liquor. Consequently, monitoring these parameters offers real-time evidence to support the precise regula-
tion of the fermentation process, with the potential to improve the consistency of base liquor quality and reduce
batch-to-batch variation. Furthermore, this study provides a methodological framework for parameter predic-
tion in other complex microbial fermentation systems, such as those used in Huangjiu and soy sauce production.

Keywords: Baijiu fermentation, physicochemical parameters, deep learning, algorithm fusion, regression
prediction model, fermentation quality assessment
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INTRODUCTION

Chinese Baijiu fermentation primarily involves the
microbial transformation of starch, protein, and other
components in the fermented grains within fermen-
tation pits into ethanol and a variety of aroma com-
pounds (Liu and Sun, 2018; Pan et al., 2023). The
complex microbial metabolism and dynamic environ-
mental changes inside the pits play a decisive role in
determining the product’s flavor and stability. Accu-
rate monitoring and prediction of key environmental
parameters — such as temperature, humidity, pH, and
CO:2 concentration — are crucial for optimizing the fer-
mentation process. Recent advances in analytical tech-
niques, parameter optimization, and quality evaluation
methods have laid a scientific foundation for improving
traditional Baijiu brewing practices. For example, Ma
et al. (2023) systematically investigated how fermenta-
tion temperature affects the aroma profile of pear wine
using HS-SPME-GC-MS, and established quantitative
correlation models linking aroma compounds with
sensory quality through sensory evaluation and fuzzy
mathematics. Similarly, Zeng et al. (2021) simulated
temperature and humidity conditions during hot-sea-
son pit entry, revealing dynamic changes in tempera-
ture, moisture, and acidity during fermentation, which
provided a key framework for optimizing fermented
grain processes. In terms of metabolic gas monitor-
ing, Li et al. (2022) employed GC/MS technology to
analyze metabolic gases produced during solid-state
fermentation, developing a novel correlation model be-
tween gas components (e.g., esters, aldehydes) and raw
liquor quality, thereby enabling dynamic quality moni-
toring in Baijiu production. Mao et al. (2014) tracked
acidity, starch, moisture, temperature, and alcohol
content continuously, elucidating how acidity dynami-
cally influences the fermentation process (e.g., the pat-
tern of initial rise followed by decline in acidity), and
identifying an optimal pit-entry acidity range (1.2—1.3)
for winter fermentation of strong-aroma Daqu Baijiu.
Acidities outside this range were associated with the
proliferation of undesirable microorganisms or insuffi-
cient starch utilization. Notably, this threshold had not
been quantitatively established in previous studies.
Together, these studies have enhanced the under-
standing of how key process parameters like tempera-
ture, acidity, and humidity affect fermentation, while
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also driving innovation in detection technologies. The
use of HS-SPME-GC-MS and GC/MS has enabled
full-process monitoring from volatile compounds to
metabolic gases. Optimization outcomes — such as
the defined pit-entry acidity range — can be directly
implemented in production, reducing uncertain-
ties and enhancing product consistency and quality.
Moreover, integrating rational analysis with sensory
evaluation (e.g., fuzzy mathematics) has enabled the
objective quantification of subjective indicators such
as aroma and taste, thereby strengthening both the
scientific foundation and practical utility of process
optimization. With increasing mechanization, auto-
mation, informatization, and intelligent development
in the Baijiu industry, data-driven approaches have
demonstrated significant advantages in diagnosing
fermentation faults. For instance, Abbasi et al. (2021)
improved the accuracy of penicillin fermentation fault
detection by generating residuals through dynamic
sample matching based on real-time data and just-in-
time learning (JITL). Roman et al. (2011) applied ar-
tificial neural networks (ANNs) to analyze industrial
fermentation data, capturing dynamic features via pro-
cess inputs and achieving 100% accuracy in predicting
abnormal fermentations. Urtubia et al. (2021) further
combined support vector machines (SVMs) with mul-
tivariate analysis (e.g., amino acid/density markers)
to develop highly accurate early anomaly detection
models. These examples highlight the effectiveness
of machine learning in monitoring complex biological
processes, especially through dynamic data modeling,
surpassing traditional point-data methods.

The primary challenge addressed in this study is
achieving rapid and objective quality evaluation of
Chinese Baijiu by integrating deep learning and auto-
mation technologies. Recent research has introduced
multi-dimensional innovations in fermentation moni-
toring and optimization techniques. Integration of In-
telligent Sensing and Algorithms: Gonzalez Viejo et al.
(2021) developed RoboBEER, combining computer
vision with an artificial neural network (ANN) model
(R =0.91) for high-precision beer quality prediction.
Xu et al. (2019) employed a visual olfactory sensor
to link volatile organic compounds with fermentation
stages, while Guo et al. (2018) established dielectric
property-based online monitoring indicators for yo-
gurt fermentation. Model Optimization and Algorithm
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Innovation: Liu et al. (2010) proposed a GSAA-AIC
optimization strategy for SVM-based soft sensors.
Rodman et al. (2018) and Rodman and Gerogiorgis
(2020) enhanced beer model reliability parameters
using multi-start and Strawberry Algorithms for mul-
ti-objective process optimization. Jin et al. (2020) de-
veloped a dynamic fermentation model, while Jiang et
al. (2019) proposed a variable selection method — both
aimed at improving the prediction accuracy of Baijiu
fermentation. Analysis of Process Parameters: Yadav
et al. (2022) identified optimal fermentation condi-
tions for wine (e.g., temperature 34°C/pH 4.5) through
multi-factorial experiments, while de Almeida et al.
(2018) employed FTIR technology as an HPLC al-
ternative to investigate temperature sensitivity in beer
sugar production. These studies have collectively pro-
moted intelligent development throughout the fermen-
tation process chain — from data acquisition and model
construction to process control. However, gaps remain
in real-time physicochemical parameter monitoring
during fermented grain fermentation, economic fea-
sibility analyses for industrial-scale applications, and
addressing quality variability due to physicochemical
abnormalities. Future research should explore integrat-
ing multiple algorithms (e.g., combining deep learning
with traditional methods), enhancing model interpret-
ability, and developing adaptive approaches suitable
for dynamic and complex fermentation systems. In
this context, this study focuses on monitoring key
environmental parameters — temperature, humidity,
carbon dioxide concentration, and pH — and construct-
ing a physicochemical parameter prediction model to
evaluate their influence on Baijiu fermentation quality.

Recent related works on deep learning models in-
clude Liu et al. (2024), who developed a CNN-LSTM-
-Attention model for food additive classification. By
incorporating optimized data preprocessing, dimen-
sionality reduction, and an adaptive design for com-
plex mixtures, their approach improved both accuracy
and robustness. He and Zhang (2022) combined CNN,
LSTM, and self-attention to construct a predictive
model for shrimp feeding amounts. Through data nor-
malization and parameter tuning, effective extraction of
key features and modeling of long-term dependencies
in multivariate time-series data were achieved, provid-
ing a novel approach for intelligent aquaculture; Liu
and Zhang (2024) proposed a CNN-LSTM-Attention
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model for the dynamic prediction of SO: and NOy
emissions based on operational data from circulat-
ing fluidized bed (CFB) units. The model exhibited
superior prediction accuracy and adaptability under
various load conditions compared to LSSVM, LSTM,
and CNN-LSTM models, offering valuable reference
for modeling industrial pollutant emissions. The pro-
posed technical framework is adaptable to a range of
fields, including healthcare (e.g., physiological signal
analysis), intelligent transportation (e.g., traffic flow
prediction), and financial analytics (e.g., stock price
fluctuation modeling). By incorporating spatiotem-
poral features with attention mechanisms, the frame-
work facilitates digital and intelligent transformations
across traditional industries, such as chemical engi-
neering, agriculture, and food production, ultimately
enhancing decision-making efficiency and accuracy.
In this study, we developed a predictive model that
integrates Convolutional Neural Networks (CNN),
Long Short-Term Memory (LSTM) networks, and an
Attention Mechanism to forecast key physicochemical
parameters in Baijiu production. Controlled fermenta-
tion experiments using jiupei were conducted during
which physicochemical variables, including tempera-
ture, humidity, carbon dioxide concentration, pH, total
acid, total ester, and total alcohol, were collected. The
dynamic patterns of total acid, total ester, and total
alcohol during fermentation were analyzed, and their
contents were accurately predicted using the proposed
model. The overarching objective was to improve both
the quality and yield of Baijiu. The main contributions
of this study are as follows:

1) Fusion Model Design: A predictive model integrat-
ing CNN, LSTM, and Attention mechanisms was
proposed. By combining CNN for special feature
extraction, LSTM for temporal sequence learning,
and the Attention mechanism for adaptive weight
allocation, the model significantly improved accu-
racy for key fermentation indicators, namely acid,
ester, and total alcohol content.

2) Multi-dimensional Monitoring and Analysis of
Key Parameters: Temperature, humidity, carbon
dioxide concentration, and pH were identified as
the primary environmental variables for monitor-
ing during the fermentation process. Spearman
correlation analysis was conducted to examine
the relationships between these variables and the
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concentrations of total acidity, total esters, and to-
tal alcohol. The findings provide critical data sup-
port for the development of a fermentation quality
evaluation model.

MATERIALS AND METHODS

Materials and reagents

Raw materials: The fermented grain (jiupei) used in
this study was sourced from a distillery located in Lu-
zhou. The fermentation substrate was prepared using
the distillery’s in-house grain mash blending produc-
tion line, as shown in Figure 1. After loading into the
fermentation tanks, each tank was wrapped externally
with thermal insulation cotton. The tanks were then
placed in a temperature-controlled fermentation cham-
ber maintained at (22 £2°C) for a 7-day fermentation
period (Huang et al., 2024).

Reagents, such as phenolphthalein indicator, 0.1
mol/L H2SOs solution, and 0.1 mol/L NaOH solution,
were procured from Shanghai Ruixi Scientific Instru-
ments Co., Ltd.

Main instrumentation

The following instruments were used in this study:
a PT100 temperature sensor, an SHT30 humidity sen-
sor, a COZIR-WX-100 COs: sensor, and an Ind Sen 912-
-S8 industrial pH electrode sensor. Additional laborato-
ry equipment included an electronic balance, a complete

distillation apparatus, an alcohol meter, a micro-sam-
pler, titration equipment, a thermostatic water bath,
100 mL volumetric flasks, 50 mL graduated cylinders,
10 mL pipettes, multiple 100 mL flasks, test tubes, and
other standard glassware. All glassware was sourced
from Sichuan Shuniu Glass Instrument Co., Ltd. A gas
chromatograph (GC112N) was obtained from Shanghai
INESA Scientific Instrument Co., Ltd.

Experimental methods

Jiupei fermentation

Raw materials were obtained from the production
workshop and divided into four fermentation tanks,
each undergoing a seven-day fermentation cycle. Sam-
pling was performed twice daily. At each time point,
four 150 g samples of fermented grains were taken
from each tank for physicochemical analysis, result-
ing in a total of 14 batches of fermented grain samples
per tank. Chemical analyses were conducted in strict
accordance with the winery’s chemical analysis op-
eration manual. During the measurement of total acid,
total ester, and total alcohol, all volumetric flasks and
measuring cylinders were cleaned, dried, and rinsed
with the original solution to minimize experimental
interference from improper operation and ensure data
accuracy (Huang and Cheng, 2004). The gas chroma-
tography results from one representative fermentation
tank are presented in Table 1.

Fig. 1. Sampling of fermented mash from the production line
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Table 1. Physicochemical experimental data for total acid, total ester and total alcohol

Fermented grains sample

Change in Total Acid Content Change in Total Ester Content Change in Total Alcohol Content

g/L g/L mg/g
Fermented grains sample 1 0.1549 0.3299 22.37
Fermented grains sample 2 0.1420 0.3770 19.87
Fermented grains sample 3 0.1614 0.3864 20.35
Fermented grains sample 4 0.1679 0.3581 27.14
Fermented grains sample 5 0.1743 0.5466 36.70
Fermented grains sample 6 0.2066 0.6974 43.86
Fermented grains sample 7 0.2085 0.7917 41.99
Fermented grains sample 8 0.1937 0.8294 45.40
Fermented grains sample 9 0.2324 0.9236 47.60
Fermented grains sample 10 0.2582 0.8859 47.68
Fermented grains sample 11 0.2324 0.9708 48.01
Fermented grains sample 12 0.2582 1.2818 51.35
Fermented grains sample 13 0.2647 1.2441 53.47
Fermented grains sample 14 0.2712 1.2629 53.63

The physicochemical data for total acids, total es-
ters, and total alcohols presented in Table 1 were visu-
alized using Origin 2022. By analyzing the changes
in acid, ester, and alcohol content over the 7-day fer-
mentation period of light-aroma Baijiu fermentation
grains, corresponding variation trends were identified.
As shown in Figure 2, the temporal profiles of total
acid, total ester, and total alcohol concentrations over
the course of fermentation in a representative tank are
illustrated.

As shown in Figure 2a, the total acid content in the
fermented grains initially exhibited a slight decrease,
followed by a gradual increase throughout the fermen-
tation process. Within the first 24 hours after being
placed in the fermentation pit, the total acid content
dropped to a minimum of 0.1420 g/L. This initial de-
cline may be attributed to the dominance of molds and
yeasts in the early stage, which suppressed the activity
of acid-producing bacteria. Additionally, the esterifi-
cation reaction between ethanol and organic acids re-
duced organic acid levels. Organic acids, which serve
as carbon and energy sources, were also consumed
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(Wang et al., 2017), potentially causing a slight rise
in pH. As fermentation progressed, molds and yeasts
gradually depleted available oxygen, leading to their
decreased activity and enabling acid-producing bacte-
ria to proliferate.

During the middle stage of fermentation, acid-pro-
ducing bacteria grew rapidly, accelerating the increase
in total acid content. In the late stage, ester synthesis
was enhanced, and organic acids were increasingly uti-
lized by microorganisms as carbon and energy sourc-
es. This resulted in a dynamic balance between the
production and consumption of organic acids (Huang
etal., 2014; Lu et al., 2016), causing total acid content
to fluctuate within a certain range. As shown in Fig-
ure 2b, during the first 48 hours, total ester content in
samples 1-4 increased slowly, remaining between 0.3
and 0.4 g/L. Starting on the third day, the total ester
content rose rapidly due to accelerated ester synthesis,
driven by the consumption of precursors such as etha-
nol and organic acids. In the later fermentation stage,
microbial activity declined, and the ester synthesis rate
approached that of ester degradation (Zhen, 2016).
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c)

b)

Fig. 2. Variation curves of total acid, total ester, and total alcohol contents during the fermentation cycle: a) change in total
acid content during fermentation; b) change in total ester during fermentation; c¢) change in total alcohol content during

fermentation

Consequently, total ester content stabilized within
a dynamic equilibrium range, with samples 12-14
maintaining levels between 1.2—1.3 g/L.

As shown in Figure 2c, total alcohol content exhib-
ited a slight decrease during the initial fermentation
stage, reaching a minimum of 19.87 mg/g. The total
alcohol content of samples 3—6 then increased rapidly
as yeasts converted sugars into ethanol. By the fourth
day (sample 7), the rate of alcoholic fermentation
slowed, while microbial esterification and respiration
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processes began to consume ethanol. Although sam-
ples 12—-13 showed an increase in total alcohol con-
tent, reaching up to 53.63 mg/g, a slight decrease was
observed thereafter. Overall, total alcohol content re-
mained in a dynamic balance throughout fermentation.

Spear’s correlation coefficient

The Spearman correlation coefficient is used to meas-
ure the monotonic relationship between two variables
and applies to both ordinal and continuous data. It
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Fig. 3. Spearman correlation analysis heat map

ranks the data rather than using their raw values, ena-
bling the assessment of correlation in non-normally
distributed or discrete datasets. A larger absolute value
of the Spearman coefficient indicates a stronger cor-
relation between feature parameters and evaluation
parameters. A positive Spearman coefficient indicates
a positive influence, while a negative value suggests
a negative influence (Sedgwick, 2014).

To evaluate the relationship between environmen-
tal parameters, such as temperature, humidity, carbon
dioxide concentration, and pH value, and key physico-
chemical parameters, including total acid, total ester,
and total alcohol, the data were first tested for normal-
ity. All parameters were then imported into SPSS soft-
ware, and correlation analysis was conducted using
a bivariate analysis. Spearman correlation coefficients
with two-tailed significance were selected, result-
ing in a correlation coefficient matrix. The data were
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subsequently imported into Origin 2022 for visualiza-
tion, as shown in Figure 3.

In general, correlations are classified as follows: p
> 0.8 as very strong; 0.80 > p > 0.61 as strong; 0.60
> p > 0.41 as moderate; 0.40 > p > 0.21 as weak; p <
0.2 as very weak to negligible. As shown in Figure 3,
most parameters exhibited relatively significant cor-
relations. Baijiu fermentation is an extremely complex
system involving multifactorial interactions. For in-
stance, temperature influences microbial growth and
metabolic activity, thereby affecting the production of
acids, esters, and alcohols. In turn, the concentrations
of these compounds participate in a dynamic equilib-
rium of synthesis and degradation, which can also in-
fluence environmental variables such as humidity and
carbon dioxide concentration.

Additionally, the observed correlation coefficient
of 0.049 between total acid and pH value deviates
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from theoretical expectations. The pH value represents
the concentration of hydrogen ions in the environment
and is expected to decrease significantly (i.e., by more
than 0.2) as total acid increases. However, in the ex-
periment, the decrease in pH was relatively small, with
changes of less than 0.15. This is most likely due to
the influence of other factors within the fermentation
system, resulting in a very weak correlation between
total acid and pH.

Temperature, CO,, pH data collection

On-site testing was conducted with the support of
a distillery affiliated with a liquor company based in
Luzhou. During pit fermentation, jiupei (fermented
grains) undergoes a series of biochemical transforma-
tions driven by microbial activity, in which starch is
converted into sugar and subsequently into ethanol.
The conditions within the fermentation pit directly
affect microbial metabolism, growth, and commu-
nity compositions. A favorable fermentation envi-
ronment promotes microbial ethanol production and
ensures complete fermentation of the jiupei. From the
perspective of alcohol production, the primary envi-
ronmental factors influencing microbial fermentation
include temperature, humidity, carbon dioxide con-
centration, oxygen availability, ethanol concentration,
acidity, and starch content. Among these, temperature
and humidity have a direct effect on microbial growth
and metabolic activity. Acidity plays a crucial role in
linking the “main fermentation phase” with the “aro-
ma formation phase,” as it participates in esterifica-
tion reactions and promotes the formation of aroma
and flavor compounds. Anaerobic respiration is the
dominant metabolic pathway during microbial fer-
mentation, during which carbon dioxide and ethanol
are the primary products. However, many aroma com-
pounds generated during fermentation share similar
or identical chemical functional groups with ethanol,
making them difficult to monitor accurately. Addition-
ally, starch content can only be determined through
physicochemical sampling and analysis. Therefore,
based on practical investigations of fermentation pro-
cesses, a review of relevant literature, and the inte-
gration of sensor technology, temperature, humidity,
carbon dioxide concentration, and pH were selected as
the primary monitoring parameters during fermenta-
tion (Cavaglia et al., 2020). The terminal acquisition
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Table 2. Fermentation monitoring parameter

prmers e R Erer Sl
Temperature 10~45°C 0.1°C +0.5°C 12
Humidity level 0~100% 0.1% +5% 12
Carbon dioxide 0~100% 0.1% +5% 12
pH value 3~8 0.1 +0.2 12

parameters and their corresponding requirements are
presented in Table 2.

Long Short-Term Memory neural networks

The Long Short-Term Memory (LSTM) neural net-
work (da Silva and de Moura Meneses, 2023) was pro-
posed by Hochreiter and Schmidhuber as a specialized
type of recurrent neural network (RNN). Recurrent
Neural Networks (RNNs) are neural network models
specifically designed to process sequential data such
as text, speech, and time series. Unlike traditional neu-
ral networks, such as feedforward neural networks,
RNNs feature a recurrent structure formed by connec-
tions between hidden layer neurons. This architecture
enables memory capability, allowing the model to
capture temporal dependencies within sequential data
(Sherstinsky, 2020). The LSTM model was developed
as an extension of the RNN architecture by incorpo-
rating memory modules to address the limitations of
traditional RNNs. These memory units are regulated
by gate logic units, which control the information flow
but do not directly participate in the model’s internal
computations or outputs. The memory units are locat-
ed at the interfaces between memory cells and other
modules. The structure of an LSTM unit is illustrated
in Figure 4.

As shown in Figure 4, an LSTM unit consists of an
input gate (input), a forget gate (forget), and an output
gate (output). At time t+1, the LSTM has three inputs:
the current input value x(t+1) the previous output value
ht, and the previous cell state Ct. It produces two out-
puts: the current output value A#+1 and the current cell
state Ct. The specific calculation process is shown in
the following calculation formula (Sherstinsky, 2020):

f=0(W[h,x]+b) (1)
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Fig. 4. LSTM neuron structure
i, =o(Wlh,x,1+b) )
51+1 = tan(WC |:ht,xt+1 :| + bc ) (3)
Ct+1 = f;+1ct + it+15r+1
0t+1 = U(I/Vo [ht,le] + bo ) (4)
ht+1 = 0t+1 x tanh (Ct+1 )
where

Wf, W, W, W —weight matrices

b_ 5 b, b, b, —bias vectors

h,, h,,, — the output of the previous cell unit and the
output of the unit at this moment, respectively

¢, c,,, — the information states of the previous unit
and the unit at this moment, respectively

c,,,—the candidate information state passing through
the input gate

o — the sigmoid function, and are point-by-point
addition ® and ® point-by-point multiplication,
respectively.

The algorithm was imported into MATLAB R2024a
and applied in the prediction models for total acid,
total ester, and total alcohol. The input features were
temperature, humidity, carbon dioxide concentration,
and pH value, while the predicted outputs were total
acid, total ester, and total alcohol contents obtained
through chemical analysis. The Adam algorithm was
employed as the model optimizer. A total of 1500 train-
ing epochs were conducted, with an initial learning rate
set to 0.01 and a gradient threshold of 1. The learn-
ing rate was adjusted after 750 training iterations using
a decay factor of 0.4. The test results are presented in
Figure 5.
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Combined prediction model based

on CNN-LSTM-Attention

The primary function of a convolutional neural network
(CNN) is feature extraction, enabling the generation of
higher-level and more abstract representations from
raw data (Jin et al., 2017). This architecture enhances
the network’s ability to analyze local spatial features
and has found widespread application in fields such
as computer vision, healthcare, and finance. Typically,
CNNs are composed of convolutional layers, pooling
layers, and fully connected layers (Gu et al., 2018; Li
et al., 2021). The convolutional layer plays a critical
role in feature extraction by applying convolution ker-
nels to identify relevant patterns in the data. Increas-
ing the number of convolution kernels allows for more
abstract features to be extracted. By assigning differ-
ent weights, the convolutional operation generates new
arrays, where values closer to 1 indicate a stronger
match between the feature and its location. The pool-
ing layer retains the most significant value within the
local receptive field, representing the optimal match
while preserving the original data’s key characteris-
tics and reducing computational complexity. The fully
connected layer performs a weighted summation of the
preceding outputs to produce the final classification or
regression result, identifying the category or value with
the highest score. The CNN-LSTM-Attention model
was developed based on the CNN-LSTM architecture,
with an attention mechanism introduced to account
for the varying influence of temperature, humidity,
carbon dioxide concentration, and pH on the changes
in acid, ester, and alcohol contents in the fermented
grains. The attention mechanism allows the model

417


http://www.food.actapol.net/

Zhou, J., Gan, L, Yang, H., Liu, X,, Zhong, J., Du, L, Tang, Y., He, Y. (2025). Research on a prediction model of key parameters in
Baijiu fermentation based on an attention mechanism. Acta Sci. Pol. Technol. Aliment., 24(3), 409-425. http://doi.org/10.17306/).

AFS.001363

©)

b)

Fig. 5. LSTM long short-term memory neural network regression results: a) total acid test curve; b) total ester test curve;

¢) total alcohol test curve

to allocate limited computational resources to more
critical information, thereby improving prediction ac-
curacy and efficiency. The prediction workflow of the
CNN-LSTM-Attention model is illustrated in Figure 6.

The long short-term memory (LSTM) neural net-
work has been previously outlined. The attention
mechanism, by contrast, is designed to allocate com-
putational resources preferentially to higher-priority
tasks when data availability is limited. This helps im-
prove prediction accuracy and addresses the challenge
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of information overload (Brauwers and Frasincar,
2021; Niu et al., 2021). Attention mechanisms are
generally categorized into hard attention and soft at-
tention. In hard attention, a single input is randomly
selected, whereas in soft attention, all input elements
are considered, and weighted importance is computed.
The weights are then used to guide the network’s fo-
cus during training (Li et al., 2017). In practice, soft
attention is more commonly employed. The relevant
equations are provided below.

www.food.actapol.net/


http://www.food.actapol.net/

Zhou, J., Gan, L, Yang, H., Liu, X, Zhong, J., Du, L, Tang, Y., He, Y. (2025). Research on a prediction model of key parameters in
Baijiu fermentation based on an attention mechanism. Acta Sci. Pol. Technol. Aliment., 24(3), 409-425. http://doi.org/10.17306/).

AFS.001363
v The initial learning rate was set to 0.01 with a gradi-
LSTM learni ent threshold of 1. After 750 iterations, the learning
earning data X . X
Start B tlonce features rate was adjusted using a decay factor of 0.4. Finally,
the attention mechanism was applied to compute the
v v output weights, with attention unit sizes of 16 and 64,
Attention respectively. The test results are shown in Figure 7.
Data preprocessing mechanism allocates
weights Model evaluation indicators
In this study, three evaluation metrics — coefficient of
y v determination (R?), mean absolute error (MAE), and
CNN convolutional
root mean square error (RMSE) — were used to assess
layer feature Output

extraction

¢ A 4

CNN pooling layer
filters information

I

Fig. 6. Prediction flow chart based on CNN-LSTM-Atten-
tion model

End

exp(s(h,.,ht))

4= (5)
Zexp(s(hl.’ht ))
0= iaihi (6)

Among them, s(%, h)) is the score of the feature vec-
tor. The larger the score, the greater the attention as-
signed. a, is the weight value of the i-th input feature in
the attention mechanism, representing the ratio of the
score of the feature vector to the total score. The final
output vector o is the sum and average of all vectors.

The algorithm was implemented in MATLAB
R2024a. In the prediction models for total acid, total
ester, and total alcohol, the input features included
temperature, humidity, carbon dioxide, and pH val-
ue, while the outputs were the total acid, total ester,
and total alcohol contents obtained through chemical
analysis. Local features were extracted by the CNN
through multiple convolutional and pooling layers,
with 32 channels in the first convolutional layer and 64
channels in the second. Sequential dependencies were
captured by the LSTM. The Adam optimizer was em-
ployed, and the model was trained for 1500 iterations.

www.food.actapol.net/

the performance of each regression prediction model.
The coefficient of determination (R?) characterizes the
goodness of fit by indicating the proportion of vari-
ability in the output that can be explained by the input
features. An R? value closer to 1 suggests that the input
variables can more effectively account for variation
in acid, ester, and alcohol content, reflecting a better
model fit. MAE and RMSE were used to evaluate pre-
diction accuracy by quantifying the deviation between
predicted and actual values of compound concentra-
tions. Lower MAE and RMSE values indicate higher
prediction accuracy. The corresponding calculation
formulas are as follows:

()

(®)

)

Among them, n is the number of samples, y, is the
actual value of the model at the i-th point, y, is the rec-
ognition value of the model at the i-th point, and y, is
the average of the actual values.

RESULTS AND DISCUSSION

Model comparison

In this study, the dataset was obtained from a 7-day
fermentation experiment of fermented grain. Monitor-
ing equipment was used to collect data on tempera-
ture, humidity, carbon dioxide concentration, and pH
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a) b)
c) d)
e) f)

Fig. 7. CNN-LSTM-Attention regression prediction results: a) total acid training curve; b) total acid test curve; ¢) total ester
training curve; d) total ester test curve; e) total alcohol training curve; f) total alcohol test curve
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throughout the fermentation process. These param-
eters served as model inputs, while total acidity, total
ester, and total alcohol contents — determined through
chemical analysis — were used as model outputs. For
total acidity, 196 samples were used as the training set
and 28 samples as the test set. After excluding samples
with large fluctuations, 140 samples were used as the
training set and 28 samples as the test set for both total
ester and total alcohol. Prediction results were gener-
ated using the CNN-LSTM-Attention regression mod-
el and compared with those obtained from the LSTM
model in terms of R?2, MAE, and RMSE, as shown in
Table 3.

Table 3. Neural network model regression prediction results

Model

Parameters R? MAE RMSE

Category
LSTM Total acid 62.65% 0.018g/L  0.023 g/L
model

Total ester ~ 76.73% 0.059 g/L  0.069 g/L

Total alcohol 75.14% 2.361 mg/g 3.012mg/g
CNN- Total acid 73.57% 0.016 g/L  0.019 g/L
-LSTM- 0
-Attention Total ester 79.66% 0.052g/L  0.067 g/L

Total alcohol 79.43% 2.158 mg/g 2.886 mg/g

As shown in Table 3, the LSTM model exhibited
the highest MAE and RMSE values and the lowest R?
values across all three target outputs — total acidity,
total ester, and total alcohol. In contrast, the CNN-
-LSTM-Attention model achieved the lowest error
metrics: for total acidity, the MAE and RMSE were
0.016 and 0.019, respectively; for total ester, 0.052
and 0.067; and for total alcohol, 2.158 and 2.886. This
model also yielded the highest tR? values: 73.57% for
total acidity, 79.66% for total ester, and 79.43% for
total alcohol, all relatively close to 1. Given that the
MAE and RMSE values for the CNN-LSTM-Atten-
tion regression model were generally lower than those
of the LSTM regression model, the evaluation met-
rics confirm its superior accuracy. Overall, the CNN-
-LSTM-Attention regression model, which integrates
multiple algorithms, demonstrated robust performance
and is therefore considered suitable for predicting
Baijiu fermentation quality.

www.food.actapol.net/

Quality Assessment Analysis

The most direct reflection of fermentation quality in
fermented grains is observed in the quality of the re-
sulting base liquor. The aroma of Baijiu primarily de-
rives from the types and concentrations of compounds
produced during biochemical reactions in fermenta-
tion, such as alcohols, esters, acids, aldehydes, and
phenols. Among these, alcohols have the most signifi-
cant impact on aroma, with ethanol and isopropanol
being the main contributors. Other alcohols, such as
methanol, propanol, butanol, and hexanol, are typi-
cally present in lower concentrations and have a less
pronounced effect. Acids influence both the flavor
profile and taste balance of Baijiu. They also possess
antimicrobial and preservative properties. Key acids
include hexanoic acid, acetic acid, lactic acid, and bu-
tyric acid, all of which provide the material foundation
for flavor development and ester synthesis. Esters con-
stitute the principal components of Baijiu aroma and
have a substantial impact on flavor. The four major
esters — ethyl acetate, ethyl butyrate, ethyl hexanoate,
and ethyl lactate — vary in both concentration and rela-
tive proportion, forming the basis of Baijiu’s diverse
flavor profiles. In contrast, aldehydes and phenols oc-
cur in smaller quantities and have a more limited in-
fluence, typically contributing subtle floral and fruity
notes (Lai et al., 2024; Ni et al., 2023; Wang et al.,
2022). Accordingly, the concentrations of total acids,
total esters, and total alcohols in fermented grains were
selected as key indicators for evaluating fermentation
quality. Evaluation criteria were established based on
a review of relevant literature and field investigations
conducted at a distillery in Luzhou. These criteria are
presented in Table 4, and include total acidity, total es-
ter content, total alcohol content, and residual starch as
the primary evaluation parameters.

Table 4. Fermentation quality evaluation index

Total Total Total Residual
Estimation acid ester alcohol  precipitate
g/L g/L mg/g %
Special grade >0.5 >1.1 >48.5 <9
Excellent 04-0.5 0.8-1.1 40.4-48.5 9-11
First class 0.3-0.4  0.5-0.8 34.7-404 11-13
421


http://www.food.actapol.net/

Zhou, J., Gan, L, Yang, H., Liu, X,, Zhong, J., Du, L, Tang, Y., He, Y. (2025). Research on a prediction model of key parameters in
Baijiu fermentation based on an attention mechanism. Acta Sci. Pol. Technol. Aliment., 24(3), 409-425. http://doi.org/10.17306/).

AFS.001363

Table 5. Comparison of the fermentation test and historical data

Wine samples Total acid, g/L

Total ester, g/

Total alcohol, mg/g Residual precipitate, %

Test sample 1 0.32 0.68
Test sample 2 0.34 0.67
Test sample 3 0.26 0.57
Test sample 4 0.27 1.26
Historical sample 1 0.25 0.47
Historical sample 2 0.31 0.51
Historical sample 3 0.39 1.05
Historical sample 4 0.21 0.64

47.95 12.43
41.68 11.07
3542 13.62
53.63 10.19
44.48 12.58
42.73 12.42
51.28 9.57
42.35 11.84

To enhance the reliability of the fermentation
quality assessment conducted in this experiment,
a comparative analysis was performed between. The
total acidity, total ester, and total alcohol contents
of fermented grains at the end of fermentation were
compared between the current experimental fermen-
tation tanks and historical data from a previous 14-
-day fermentation process at a distillery in Luzhou.
Experimental samples were randomly selected from
each batch, and historical samples were also random-
ly chosen for comparison. The results are presented
in Table 5.

According to the comparative analysis presented in
Table 5, the physicochemical data obtained from this
fermentation experiment were generally consistent
with the historical data from fermentations conducted
under the same specifications. Notably, the total ester
and total alcohol contents detected in the final batch
(Sample 4) were higher than those in the first three
batches, a trend also observed in Historical Sample 3.
The specific cause of this variation remains to be inves-
tigated. Overall, the findings confirm that the current
fermentation experiment was successful and that the
collected physicochemical data are reasonably reliable.

Based on the results in Tables 4 and 5, the fermen-
tation quality of the current experimental batches was
evaluated, and the fermentation grade and degree of
completion were determined. From the perspective of
total acidity, Batches 1 and 2 met the first-grade stand-
ard, while Batches 3 and 4 exhibited slightly lower
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acid content, falling just below the first-grade thresh-
old. For total ester content, Batches 1, 2, and 3 met the
first-grade medium standard, while Batch 4 reached
the special-grade standard. Regarding total alcohol
content, Batches 1 and 2 achieved the premium-grade
standard, Batch 3 met the first-grade standard, and
Batch 4 attained the special-grade standard. In sum-
mary, Batches 1, 2, and 3 reached the first-grade level
in overall fermentation quality. However, relatively
high residual starch content was observed in these
batches, indicating incomplete fermentation. Delaying
pit-opening by an additional 3 to 4 days may allow for
further starch breakdown, potentially improving base
liquor quality to a premium level and increasing yield.
Batch 4, while slightly below the premium level in
terms of fermentation quality, outperformed the other
batches in base liquor quality and yield. Nevertheless,
the residual starch content remained relatively high.
A delay of 1 to 2 days in pit opening could likely en-
hance the final yield.

This study provides a practical example of model-
based process causality inference using deep learning.
The CNN-LSTM-Attention architecture effectively
captured the dynamic and nonlinear relationships in-
herent in Baijiu fermentation. By incorporating an
attention mechanism, the model offered interpretabil-
ity and insights into the influence of key variables at
different stages of the process. As a result, the model
enabled real-time, interpretable decision support in
complex fermentation environments.
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CONCLUSION

This study addresses the impact of alcohols, esters,
acids, aldehydes, phenols, and other biochemical
compounds generated during liquor fermentation —
factors that critically influence liquor quality. To en-
hance the prediction accuracy of key fermentation
indicators, a hybrid model integrating Convolutional

Neural Networks (CNN), Long Short-Term Memory

networks (LSTM), and an Attention mechanism was

proposed.

1) A CNN-LSTM-Attention-based prediction model
was developed to improve the accuracy of fore-
casting acid, ester, and alcohol contents. By com-
bining feature extraction, time series learning, and
weight assignment, the model demonstrated supe-
rior adaptability to the complex nature of Baijiu
fermentation data.

2) Through comparative analysis of the models, it
was found that the fused CNN-LSTM-Attention
algorithm exhibited enhanced predictive perfor-
mance. The predicted concentrations of acid, ester,
and alcohols throughout the fermentation process
provided valuable insights for process engineers —
enabling real-time fermentation monitoring, iden-
tification of deviations, and timely adjustments to
subsequent fermentation batches. This effectively
mitigates the delay associated with conventional
chemical analysis.

Although the model incorporates key environmen-
tal parameters — such as temperature, humidity, CO:
concentration, and pH — Baijiu fermentation remains
a highly intricate biochemical process. Other factors,
including raw material quality, microbial species and
activity, and fermentation vessel material, were not
considered in this study and may influence predic-
tion accuracy and model comprehensiveness. Despite
these limitations, the CNN-LSTM-Attention model
offers substantial economic and operational advan-
tages. It supports stable prediction of key fermentation
indicators, thereby improving product consistency and
quality control. The model’s near-real-time feedback
reduces detection latency and accelerates production
response. Optimization of pit opening timing based
on predication indicators can enhance raw material
utilization and alcohol yield. Moreover, the model

www.food.actapol.net/

reduces reliance on manual inspection and traditional
equipment, contributing to cost reduction and promot-
ing intelligent manufacturing. Ultimately, this work
provides a practical foundation for the digital trans-
formation and efficiency enhancement of distillery
operations.
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