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ABSTRACT: Baijiu is a type of traditional Chinese alcoholic
beverage with significant economic and cultural value. Ethanol
concentration determination through machine learning-based Raman
spectroscopy offers the advantages of being contact-free and rapid,
and the technique holds considerable potential for baijiu quality
control in the industrial manufacturing process. However, current
applications of Raman spectroscopy for the quantitative analysis of
biochemical materials are restricted by measurement accuracy, as
well as the flexibility and robustness of chemometric tools. To
address these issues, we propose a method that combines graph-
regularized principal component analysis (graph-regularized PCA)
and an ensemble learning framework, random forest, to capture
effective low-dimensional representations from high-dimensional Raman spectra data while reducing spectra data instability.
Furthermore, we propose a protocol that adopts ethanol solutions with various concentrations as the training set for fitting a single
regression model to determine the ethanol concentrations of different types of baijiu. In ethanol concentration detection across all
three types of baijiu, our proposed method achieves a mean average percentage error (MAPE) of 0.415% on ethanol concentration
determination of all three types of baijiu, outperforming all other methods. The results validate the accuracy and robustness of our
proposed method.

■ INTRODUCTION
Baijiu, as a unique traditional Chinese alcoholic beverage with
important economic and cultural values, requires precise
detection to ensure consistent quality and flavor.1,2 Therefore,
many detection techniques have been applied to baijiu. For
instance, He et al.3 adopted gas chromatography−mass
spectrometry (GC-MS) and descriptive sensory analysis to
explore and differentiate the chemosensory characteristics of
strong-aroma-type Baijiu from various regions. Yan et al.4

presented the characterization of volatile compounds in baijiu
through the application of high-performance liquid chromatog-
raphy−mass spectrometry (HPLC-MS). Hu andWang5 utilized
mid-infrared spectroscopy for age discrimination of baijiu.
However, as these traditional methods require laborious and
expensive preprocessing of the samples, it is necessary to
develop time-efficient and cost-effective detection methods for
baijiu.
Raman spectroscopy, widely employed in biology,6,7 chem-

istry,8,9 optics,10,11 and numerous other fields, exhibits
significant potential in the noninvasive analysis of foodmaterials.
Notably, its efficiency is particularly highlighted in the
fingerprint collection of aqueous food products, where the
weak Raman effect of water molecules poses challenges for other
analytical techniques. Examples of such food products include
whiskey,12 honey,13 and oil,14 among others. Since machine
learning can significantly improve the efficiency of spectral data

analysis, previous studies have demonstrated the feasibility of
the quantitative analysis of baijiu through Raman spectroscopy
in combination with machine learning algorithms. For instance,
Wu et al.15 utilized Raman spectroscopy and a hybrid model
combining soft independent modeling of class analogy
(SIMCA) and linear discriminant analysis (LDA) for the
classification of Chinese baijiu. Gu et al.16 adopted deep learning
on Raman spectra for baijiu flavor classification. Wang et al.17

combined LDA and LightGBM (light gradient boosting
machine) for baijiu classification.
The precise determination of ethanol concentration is crucial

for the quality control of alcoholic beverages. Traditional
methods for ethanol concentration determination include the
densitometer method, distillation method, HPLC, GC-MS, and
so on.18−20 Since the characteristic Raman peaks of alcoholic
beverages are contributed by ethanol and water, Raman
spectroscopy can be a promising technique for the rapid and
contact-free determination of ethanol concentration.12,21
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Recently, machine learning-based Raman spectroscopy has been
applied for baijiu ethanol concentration determination. Liu et
al.22 utilized a PCA-based support vector machine for baijiu
quality and ethanol concentration determination using Raman
spectroscopy. Zong et al.23 combined neural networks and a
genetic algorithm for analyzing Raman spectral data to predict
ethanol concentration, flavor grade, and production year of
baijiu.
Generally, these methods of machine learning-based Raman

spectroscopy can be summarized into two stages: (1) dimen-
sional reduction algorithms (e.g., PCA) for processing raw
spectral data, and (2) machine learning models (e.g., support
vector machines) for classification or regression. However, there
are several drawbacks to these methods: (1) Dimensional
reduction algorithms in previous studies can be categorized into
supervised algorithms and unsupervised algorithms. Compared
with unsupervised algorithms (e.g., PCA), supervised algorithms
(e.g., LDA) require label information for representation
learning, which can enhance the robustness of dimensional
reduction but may reduce generalization. (2) Although the trace
components in baijiu are not directly reflected in its Raman
spectrum as characteristic Raman peaks, the minor constituents
also subtly influence the Raman spectroscopy. The data
complexity makes it difficult for a single machine learning
model to sufficiently extract the spectral information for accurate
quantification. (3) Current methods adopting machine learning
and Raman spectroscopy for ethanol concentration determi-
nation commonly conduct cross-validation on a single type of
alcoholic beverage, which limits the applicability of the methods
to a wider range of products.
Given these challenges, researchers have explored alternative

approaches to enhance the robustness and efficiency of
dimension reduction algorithms. One such approach is manifold
learning,24 which proposes a manifold constraint to enhance the
robustness and efficiency of unsupervised dimension reduction
algorithms. The manifold constraint clarifies that samples are
distributed on a manifold, and samples with higher feature
similarities are closer on the manifold. Manifold regularization
provides an optimized way for capturing effective low-dimen-
sional representations from high-dimensional features. The
manifold of data can be depicted by a graph structure
constructed through feature similarity, which leads to graph
regularization. On the other hand, due to the low-rank
constraint, dimension reduction algorithms (e.g., PCA) are
performed to obtain low-dimensional (i.e., low-rank subspace)
representations from the high-dimensional space of features.25,26

Therefore, graph-regularized PCA can obtain representations
following both the manifold constraint and the low-rank
constraint simultaneously, which can significantly reduce the
effect of noise and improve the performance of machine learning
models.27,28

Ensemble learning is another approach to tackle these
challenges and improve learning performance.29,30 Representa-
tive ensemble learning algorithms include random forest (RF),
AdaBoost (adaptive boosting), XGBoost (extreme gradient
boosting tree), and LightGBM (light gradient boosting
machine). Compared with traditional machine learning
algorithms, ensemble learning works by integrating multiple
base learners (usually decision trees), which can significantly
improve the effectiveness of themodel in extracting information.
Ensemble learning also has significant advantages in computing
speed, model robustness, and parallel deployment.

Therefore, to address the disadvantages of previous methods,
we propose an ethanol concentration determination method for
baijiu that integrates manifold learning and ensemble learning
through graph-regularized PCA and random forest-based
Raman spectroscopy. In summary, our main contributions are
as follows.

• We adopt graph-regularized PCA to ensure spectral data
stability and enhance dimension reduction capability.
Compared with PCA, this proposed dimension reduction
algorithm is advantageous in terms of accuracy and
robustness.

• We adopt random forest for effective representation
learning from Raman spectrum data. Compared with
nonensemble methods, random forest is superior to
nonensemble machine learning algorithms in capturing
information from Raman spectra with higher efficiency.

• We propose a protocol utilizing ethanol solutions with
various concentrations as the training set for baijiu
ethanol concentration determination. The single quanti-
tative model fitted with the training set can therefore be
used for multiple baijiu products.

We conducted cross-validation on ethanol solutions with
various concentrations for model training. Then, the trained
model was directly applied to several types of baijiu with
different ethanol concentrations. Our proposed method
achieved a mean average percentage error of 0.415% for all
three types of baijiu, outperforming all other methods. The
results demonstrate that Raman spectra data processed by
graph-regularized PCA can achieve better performance during
machine learning prediction. The protocol using ethanol
solutions as the training set enhances extensibility and flexibility
while adopting machine learning and Raman spectroscopy for
ethanol concentration determination. Compared with other
machine learning algorithms, random forest performs better in
the ethanol concentration determination of baijiu.

■ INPUT PREPARATION
Data Collection.We propose a data collection protocol that

employs ethanol solutions with different concentrations of baijiu
as the training set and different types of baijiu as the testing set.
We conducted cross-validation on a series of aqueous ethanol
solutions with various concentrations for model training. Then,
the trained model is directly applied to several types of baijiu
with different ethanol concentrations.
Using anhydrous ethanol (Zesheng Technology, Anhui,

China) and HPLC-grade water, ethanol−water solutions with
concentrations ranging from 20 to 60 vol %, at 5 vol % intervals ,
were prepared for the data collection of the training set. Thus,
there are nine types of ethanol solution concentrations . Each
type of ethanol solution contains 24 samples. In total, there are
216 samples for the data collection of the training set.
Then, we purchased three types of Chinese baijiu with

different ethanol concentrations from the local supplier: (1)
Jiujiang Shuangzheng Jingmi 30 (Jinm30), (2) Shiquanyuye
(Sqyy), and (3) Zhangyizhai (Zyz). Ethanol concentration
concentration values of these three types of baijiu were
determined by a densitometer (DMA35, Anton Paar, Shanghai,
China), and ethanol concentration concentration of Jinm30,
Sqyy, and Zyz were 30.9 vol %, 42.0 vol %, and 53.3 vol %,
respectively.
Raman Spectrum Acquisition. The entire Raman spec-

troscopy system is placed in a temperature-controlled cabinet
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(SNKM-250L, SNUGEN, China), which maintains a constant
temperature of 25 ± 0.1 °C. The Raman spectral acquisition is
performed using a NOVA2S Raman spectrometer (7P-785-R,
Ideaoptics, China), equipped with a 785 nm fiber laser source
(fL-785-T05-R, Ideaoptics, China) whose bandwidth is less than
0.5 nm and power stability is less than 1%, operating at the
maximum power of 523 mW. The focal length of the optical
probe is 7.5 mm, and the numerical aperture (NA) is 0.22.
The Raman shift, ranging from 470 to 3360 cm−1 was

recorded at a resolution of 6 cm−1. Each standard ethanol
solution and each bottle of baijiu were sampled in triplicate into
customized 10 mm path quartz cuvettes with one translucent
surface for excitation and collection of Raman signal and three
matte surfaces to prevent interference outside the cuvette.
Samples in the training set and testing set are put into quartz
cuvettes. To avoid interference from external light sources, the
detection module is covered with black shading cloth for Raman
data acquisition. Each Raman spectrum is preprocessed by
background correction using adaptive iterative reweighted
penalized least-squares (airPLS).31 The dimension of each
Raman spectrum was 700.
Raman Spectroscopy of Ethanol Solution and Baijiu.

The raw mean Raman spectra of ethanol solutions are shown in
Figure 1a−c. It can be seen from the figure that the spectra of
ethanol solutions with different concentrations share the same
characteristic Raman peaks, R1−R5 (Table 1). The spectra
contain five characteristic peaks. Baijiu is composed of ethanol,
water, and trace components produced during brewing, and the
signals of the trace components are difficult to observe directly
from the spectrum. Therefore, these peaks in the diagram all
originate from the main components of baijiu, i.e., ethanol and
water,32 and the Raman peak height rises with the increase in
ethanol concentration. Moreover, the raw mean Raman spectra

of baijiu samples are shown in Figure 1d. There is no significant
difference in the position and number of Raman peaks between
ethanol solution samples of different concentrations and baijiu
samples.

■ MACHINE LEARNING MODELS
Graph-Regularized PCA. Principal Component Analysis

(PCA). Principal component analysis (PCA) is the most
commonly used dimensionality reduction algorithm,33 and it
is widely applied for Raman spectra data analysis.17,21 Suppose
there are n samples, and the feature dimension of each sample is
m, then X n m× denotes the high-dimensional feature matrix.
Dimensionality reduction aims to find an optimal representation
matrix (known as the principal component)U n r× (r ≪ m)
to reduce the number of feature dimensions from m to r. PCA
optimizes U through maximizing the covariance of X.

U XX U

U U I

max tr( ),

s.t. ,

U

T T

T = (1)

where tr(·) denotes the trace of a matrix. Hence, PCA can be
solved through conducting the singular value decompositionX =

Figure 1.Mean Raman spectra of (a) 20, 35, and 50 vol % ethanol solution samples, (b) 25, 40, and 55 vol % ethanol solution samples, (c) 30, 45, and
60 vol % ethanol solution samples, and (d) baijiu samples.

Table 1. Raman Peaks of Ethanol Solutions and Baijiu

Raman shift
(cm−1) Explaination

R1 888 C−C−O in-plane stretching
R2 1060−1100 C−C−O out-plane expansion and CH3 in-plane sway

+ δ (CHO)
R3 1285 CH2 torsion + δ (CHO)
R4 1463 Asymmetric deformation of −CH3

R5 2950−3050 −OH stretching vibration of water
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USVT. Here S = diag(s1,s2,...,sr) is the r-th order diagonal matrix,
and si is the i-th largest singular value of X. U n r× and
V r m× are orthogonal matrices.
Spectral Angle Similarity Graph. To enhance the robustness

and efficiency of PCA, graph regularization is added. Samples are
nodes in the graph, and edges in the graph represent the
connections and similarities among samples. In this paper, the
graph structure among samples is constructed through spectral
angle similarity. Spectral angle is widely applied for measuring
the similarities among spectral data.34 Suppose there are two
samples, i and j, with spectra xi and xj, respectively, the cosine of
the spectral angle

x x

x x
cos ij

i
T

j

i j
=

· (2)

Since xi,xj > 0, cos θij ∈[0,1] can measure the similarity
between xi and xj, larger cos θij denotes that i and j are more
similar. Then, following previous research,26 the similarity graph
can be constructed simply as follows. First, for each node i, sort
the spectral angle between i and other nodes, and select the top-
10 nodes with the largest spectral angle values, except itself.
Second, suppose the set of these nodes for node i is i( ), matrix
C satisfies that Cij = 1 if j i( ), otherwise Cij = 0. Finally, the
adjacency matrix with a self-loop of the constructed graph is

A C C IT= + (3)

where ⊙ denotes the Hadamard product. Then, the normalized
Laplacian matrix

L I D AD1/2 1/2= (4)

where degree matrix D = diag(d1,d2,...,dn), di = ∑jAij.
Graph-Regularized PCA. eq 1 (PCA problem) is solved by

conducting singular value decomposition (SVD) as X = USVT.
Let W = SVT. SVD can be considered a non-negative matrix
factorization problem through the Lee-Seung iteration algo-
rithm,35

X UW U U Imin
U W

F
T

F, 0

2 2
+

> (5)

where ∥ · ∥F denotes the Frobenius norm of a matrix, and μ is a
hyperparameter. In this way, since graph regularization is
performed by minimizing the quadratic form of the normalized
Laplacian matrix, graph-regularized PCA is optimized optimize

X UW U LU U U Imin tr( )
U W

F
T T

F, 0

2 2
+ +

> (6)

Following previous research,36−38 eq 6 can be iteratively
solved from random initial values ofU andW until convergence,
and hyperparameters can be set as λ = μ = 0.1. The dimensions
of the principal components are r = 32.
RandomForest.Random forest integrates multiple decision

trees through bootstrap aggregating (bagging).33 Each decision
tree (i.e., base learner in ensemble learning) conducts bootstrap
sampling of the training set to obtain a subtraining set. Each tree
is trained based on different subtraining sets. The algorithm
integrates the prediction values of all base learners by calculating
mean values or employing a voting strategy to obtain the final
prediction results.
Random forest combines a bagging strategy and a random

selection of features to build an uncorrelated forest consisting of
decision trees. The feature selection scheme generates a random
subset of features, which is capable of learning effective low-
dimensional representations from high-dimensional features. In
random forest, the random selection of features adopts an
adaptive dimension reduction strategy, which can significantly
improve the performance of dimension reduction.
The flowchart of our proposed framework is shown in Figure

2. The machine learning algorithms are implemented in the
Python 3.9.12 programming environment on a Windows 11 x64
system with an Intel Core i5-12400F 2.50 GHz CPU and 16 GB
DDR3 RAM. In this paper, PCA or graph-regularized PCA is
used in combination with five machine learning models: k-
nearest neighbors (KNN), support vector machine (SVM),
decision tree (DT), XGBoost (XGB), and random forest (RF).
XGB and RF are ensemble learning models. The machine
learning models are implemented using scikit-learn (version
1.0.2). The number of decision trees in the random forest is 50.
The other parameters in the machine learning models are
consistent with the default values of scikit-learn.

■ RESULT AND DISCUSSIONS
Ethanol Concentration Determination. To obtain a

quantitative analysis model with better prediction accuracy,
PCA or graph-regularized PCA is used in combination with five
machine learning models: k-nearest neighbors (KNN), support
vector machine (SVM), decision tree (DT), XGBoost (XGB),
and random forest (RF). Here, SVM-G, KNN-G, DT-G, XGB-
G, and RF-G represent five prediction models optimized with

Figure 2. Flowchart of our proposed framework.

ACS Omega http://pubs.acs.org/journal/acsodf Article

https://doi.org/10.1021/acsomega.5c00616
ACS Omega 2025, 10, 14373−14381

14376

https://pubs.acs.org/doi/10.1021/acsomega.5c00616?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.5c00616?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.5c00616?fig=fig2&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.5c00616?fig=fig2&ref=pdf
http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.5c00616?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


the spectral data processed through graph-regularized PCA.
SVM-P, KNN-P, DT-P, XGB-P, and RF-P represent five
prediction models optimized with the spectral data processed
through PCA.
Cross Validation on Ethanol Solutions. We conduct 4-fold

cross-validation on a series of aqueous ethanol solutions with
various concentrations for model training. Then, the trained
model is directly applied to several types of baijiu with different
ethanol concentrations. This regressionmodel is evaluated using
these metrics: R2, mean absolute error (MAE), root-mean-
square error (RMSE), and mean percentage error (MAPE).
These metrics are defined as follow.

R
y y

y y

i
n

i

i
n

i

2 1

2

1

2= =

= (7)

MAE
n

y y1

i

n

i i
1

= | |
= (8)

RMSE
n

y y1
( )

i

n

i i
1

2=
= (9)

MAPE
n

y y

y
1

100%
i

n
i i

i1

= ×
= (10)

where yi and ŷi denote the true value and predicted value of
sample i, respectively, and Y̅ denotes the mean value of y.
The results of average values in the 4-fold cross-validation are

shown in Table 2. Higher R2, and lower MAE, RMSE, and

MAPE illustrate that the performance is better. All five machine
learning models combined with graph-regularized PCA perform
better than those combined with PCA. Ensemble learning
models (random forest and XGBoost) perform better than other
models. Our proposed RF-G model (integrating random forest
and graph-regularized PCA) achieves the highest R2 and the
lowest MAE, RMSE, and MAPE. The results demonstrate the
superiority of our proposed framework integrating graph-
regularized PCA and random forest-based Raman spectroscopy
for ethanol concentration determination. Figure 3 further
illustrates the accuracy of our proposed framework.
Ethanol Concentration Determination on Baijiu. After

training models on a series of aqueous ethanol solutions with
various concentrations, we evaluated their performance on
several types of baijiu with different ethanol concentrations.

Table 3 shows the prediction results of ethanol concentration in
baijiu using the five models based on Raman spectra processed
with graph-regularized PCA or PCA. Note that there are only
three true labels, i.e., Jinm30 (30.9 vol %), Sqyy (42.0 vol %),
Zyz (53.3 vol %); therefore, it is unnecessary to evaluate the
performance using R2. Hence, lower MAE, RMSE, and MAPE
illustrate better performance, which can generally be obtained
after applying graph-regularized PCA. For all three types of
baijiu, the random forest model outperforms other methods.
The random forest model derived from the Raman spectra data
processed using graph-regularized PCA is the best method,
achieving a MAPE of 0.415%. Tables S1−S3 show the detailed
MAE, RMSE, and MAPE for the three types of baijiu,
respectively, further illustrating the superiority of our proposed
method. Previous methods using gas chromatography,18 Raman
spectroscopy,12 or high-performance liquid chromatography20

for ethanol concentration determination can achieve a MAPE of
about 1% for different types of alcoholic beverages, but none of
them can achieve accuracy comparable to our proposedmethod.
The main idea of the dimension reduction algorithm is to

reduce high-dimensional feature data to low-dimensional space
so that representative features can be extracted without the
interference of noise.39,40 This is the low-rank constraint for
representation learning. The feature selection scheme in random
forest adopts an adaptive dimension reduction strategy, which
can flexibly capture important information from high-dimen-
sional Raman spectra data.41,42 Beyond the low-rank constraint,
themanifold constraint performed on the graph based on feature
similarity can depict the global consistency of data distribution,
while the low-rank constraint pays more attention to the local
saliency of each sample. Since the spectral angle graph can
accurately depict the similarities among spectra data of samples,
our proposed framework, adopting graph-regularized PCA, can
model the low-rank constraint and manifold constraint
simultaneously and precisely, then optimize both constraints
through alternate iteration.27

To further evaluate the model’s performance, we illustrate the
ethanol concentration determination results using box charts in
Figure 4. The red dotted lines denote the true concentration
values. Table S4 provides the mean values and standard
deviations of predictions for all three types of baijiu.
The small letters (a, b, etc.) annotated in Figure 4 represent

the grouping results obtained through a one-way analysis of
variance (ANOVA) using the Tukey test on the performance of
different models under graph-regularized PCA. These groups
indicate statistically significant differences in the ethanol
concentration determination results among the various models
with different letters. Similarly, the capital letters (A, B, etc.)
annotated in the figure represent the grouping results obtained
by the Tukey test on the performance of different methods
under basic PCA. Therefore, the data points with annotation AB
indicate that they do not show statistically significant differences
compared with both groups A and B.
The results in Figure 4 show that our proposed RF-G method

(integrating graph-regularized PCA and random forest) is
significantly better than all other methods in Jinm30 prediction;
however, it is not significantly better than XGB-G in Sqyy
prediction, nor is it significantly better than SVM-G and KNN-G
in Zyz prediction. Nonetheless, none of these compared
methods can achieve comparable performance with our
proposed RF-G in all three prediction tasks, demonstrating
the superiority and robustness of our proposed method.

Table 2. Results of Average Values in Cross-Validation on
Ethanol Solutionsa

Method R2 MAE (vol %) RMSE (vol %) MAPE (%)

SVM-G 0.997 0.527 0.660 1.287
KNN-G 0.997 0.520 0.650 1.280
DT-G 0.997 0.505 0.631 1.265
XGB-G 0.998 0.376 0.471 0.988
RF-G 0.999 0.222 0.283 0.587
SVM-P 0.996 0.588 0.735 1.535
KNN-P 0.996 0.580 0.726 1.486
DT-P 0.997 0.565 0.707 1.462
XGB-P 0.998 0.452 0.565 1.150
RF-P 0.999 0.301 0.377 0.773

aBold numbers indicate the best results.
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Effect of Training Solution Concentration. In the section
“Ethanol Concentration Determination,” the ethanol concen-
tration predictions for Jinm30 (30.9 vol %), Sqyy (42.0 vol %),
and Zyz (53.3 vol %) are based on the same training sample set,
which consists of ethanol solutions with concentrations ranging
from 20 to 60 vol %. In this section, we attempt to adopt different
training sets for ethanol concentration prediction for these three
types of baijiu. The training sample sets for the ethanol
concentration predictions of Jinm30, Sqyy, and Zyz are each
formed using the Raman spectra of ethanol solutions with
concentrations ranging from 20 to 40 vol %, 30 to 50 vol %, and
40 to 60 vol %, respectively.
Table S5 reveals that the models based on the standard

ethanol solutions with the narrower concentration range lead to
slightly more accurate predictions of the ethanol concentrations
of Jinm30 and Zyz, while they result in slightly less accurate
predictions of the ethanol concentrations of Sqyy. The
concentration range of ethanol solutions has a limited impact
on the prediction accuracy for the protocol developed in this
study. Therefore, building the quantification model on the serial
standard ethanol solutions with a wider concentration range
would be more convenient for the analysis of various types of
baijiu.
Hyperparameters Tuning. Our proposed method integra-

tes graph-regularized PCA and random forest, and the key

hyperparameters include the dimension of PCA and the number
of trees in the random forest. Hyperparameter tuning experi-
ments are conducted on the cross-validation of ethanol solutions
detection (see Table S6), demonstrating that our method
performs best when the dimension of PCA r = 32 and the
number of trees in the random forest is 50.
Model Interpretability. In eq 6, the principal component

matrixU and projection matrixW are optimized simultaneously.
W r m× depict It depicts how the algorithm reduces the
dimension of raw spectral data fromm = 700 to r = 32.We define
the mean projection vector

w
r

W1

i

r

i
1

:=
= (11)

Since spectra of ethanol solutions with different concen-
trations share the same characteristic Raman peak at several
Raman shifts, the 0−1 normalized intensities of w m1× and
the mean spectra of a series of aqueous ethanol solutions with
various concentrations are visualized and compared in Figure 5.
It can be seen that the learning model assigns a higher weight to
specific peaks in the spectrum (see Table 1), and this assignment
is consistent in both ethanol solutions and baijiu samples. This
phenomenon reveals the chemical interpretability of the
proposed framework.
It is important to note that ethanol can form extensive

hydrogen bonds in aqueous solutions, and the volume reduction
due to the formation of ethanol−water binary mixtures leads to a
nonlinear correlation between volume concentration and
Raman spectroscopy measurements. Furthermore, within the
concentration ranges, variations in refractive index can also
introduce nonlinearity to Raman spectroscopy measurements.
However, as shown in Figure 5, our proposed method can still
capture information from specific peaks when analyzing Raman
spectra data for baijiu ethanol concentration determination,
because it is capable of detecting nonlinear relationships during
data analysis.
From the perspective of computer science, graphs and trees

are the most typical nonlinear data structures. In fact, manifold
learning is nearly equivalent to machine learning on graphs,
while ensemble learning (especially random forest learning) is

Figure 3. (a) Regression curve of different concentrations of ethanol solutions. (b) Prediction error e = ŷ − y on each concentration level.

Table 3. Results of Ethanol Concentration Determination for
All Three Types of Baijiua

Method MAE (vol %) RMSE (vol %) MAPE (%)

SVM-G 0.433 0.451 1.177
KNN-G 0.433 0.420 1.185
DT-G 0.468 0.436 1.190
XGB-G 0.278 0.299 0.699
RF-G 0.178 0.210 0.415
SVM-P 0.414 0.470 1.153
KNN-P 0.444 0.531 1.207
DT-P 0.568 0.555 1.439
XGB-P 0.460 0.473 1.192
RF-P 0.454 0.473 0.932

aBold numbers indicate the best results.
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inspired by the integration of multiple decision trees. Therefore,
our proposed ethanol concentration determination method for
baijiu, integrating manifold learning and ensemble learning
through graph-regularized PCA and random forest-based

Raman spectroscopy, can achieve better prediction performance
by adopting machine learning on nonlinear data structures to
capture nonlinear data relationships while reducing measure-
ment noise.

Figure 4. Box charts of baijiu ethanol concentration determination results. (a) Jinm30, (b) Sqyy, and (c) Zyz.

Figure 5. Comparison between mean projection vector and mean spectra of (a) ethanol solutions and (b) baijiu samples.
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■ CONCLUSIONS
Determining ethanol concentration is crucial for improving the
quality of baijiu. Machine learning-based Raman spectroscopy is
a powerful tool for detecting the Raman spectrum of alcoholic
beverages like baijiu. In this article, we propose a method for
determining ethanol concentration in baijiu using graph-
regularized PCA and random forest-based Raman spectroscopy.
We combine graph-regularized PCA and random forest to
determine ethanol concentration based on the Raman spectrum.
Random forest integrates multiple decision trees and utilizes
feature selection, while graph-regularized PCA adds manifold
regularization to basic PCA for dimensionality reduction. This
combination is highly effective for capturing meaningful
information from high-dimensional Raman spectral data.
Furthermore, we propose a protocol that adopts ethanol
solutions with various concentrations as the training set to
develop a quantitative model for detecting a wide range of
ethanol concentrations in different baijiu products. The results
demonstrate that the joint application of graph-regularized PCA
and random forest for Raman spectral data mining contributes
to enhanced accuracy and robustness in ethanol concentration
determination using machine learning-based Raman spectros-
copy. The proposed method is a flexible framework that is time-
efficient, cost-effective, noninvasive, and capable of high-
throughout determination. Therefore, the proposed method
can be extended tomachine learning-based Raman spectroscopy
applications for other food and biochemical materials.
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