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Identification of Chinese Huzhu Qingke Liquor by UV-NIR Spectral
Fusion Combined with Chemometrics Methods

SHI Ting, XU Shiyong, WANG Ru, ZHANG Mingjin"

(College of Chemistry and Chemical Engineering, Qinghai Normal University, Xining 810000, China)

Abstract: This study aimed to develop a quick and accurate discrimination method to realize the identification of Chinese
Huzhu Qingke Liquor (CHQL), and to provide reliable technical support for the quality control and authenticity
identification of Qingke liquor. First, ultraviolet spectrum (UV) and near-infrared spectroscopy (NIR) were used to examine
the spectral properties of CHQL, Other Brand Qingke Liquor (OBQL), and Non-Qingke Based Liquor (NQBL). Then,
partial least square-discriminant analysis (PLS-DA), support vector machine (SVM), and random forest (RF) were
established using UV, NIR single spectrum and UV-NIR fusion spectrum. Additionally, interval partial least squares
(iPLS), variable importance of projection (VIP), and competitive adaptive reweighted sampling (CARS) were used
respectively for extracting feature variables from spectra. The results showed that the fusion spectra could complement each
other and improve the performance of the classification model. The feature variable screening method further improved the
model performance and reduced the model complexity. The RF model constructed using the 78 optimal wavelengths
filtered by the VIP technique had the best classification and prediction results, with 100% accuracy on both the training and
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test sets. In summary, the combination of data fusion strategy and chemometrics method can effectively enhance the model

performance and realize the rapid discriminant analysis of Huzhu Qingke liquor.

Key words: data fusion; feature selection; high-land barley wine; partial least square-discriminant analysis; support vector

machine; random forest
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2.3 ETAEFCIE AN S IE PLS-DA 28!

SR MSC. SNV, FD #1 SD 4§ 4 FiAR 6] ik
B % NIR, UV #1743 f5 3257 PLS-DA #
AL, 3R 1 Wos T IEEE G (Raw Spectrum, RAW)
Fe AN [RI AL BT B PLS-DA A5 g viEfifi 52, 455
2B, MSC 76 W AP 1% b SR B B A, XTIl 24
NIR Fll UV #EFRIGIRF T 1.26%; X FMHiRE UV
HEFAREEF T 2.94%.

# 1 KNEJFETA IS PLS-DA HAR KRR

Table 1 Accuracy obtained from PLS-DA modeling after pre-
processing with different methods
——— NIRHER (%) UVHERF(%)
it e
PIEZS MR I A
RAW 82.28 94.12 86.08 97.06
MSC 83.54 94.12 87.34 100
SNV 82.28 94,12 84.81 94.12
FD 83.54 91.18 81.01 97.06
SD 82.28 91.18 82.28 97.06

2.4 NIR #1 UV By NIE s HK4RT

NIR F1 UV %822 MSC T AL 35, 43 51 6 57
RF. SVM Fll PLS-DA 43St nl . g5 anEl 3 pros,
YT T FA G (NIR . UV), SR RF 87 1943255
T B SRV SR AR HER SRR F] 100%, [H AT A2 5
ARG T 2R FH PLS-DA 57 AU AR AU E 4
WER SR AR, (B I SRR T R — i X F SVM 2
SIS ISR, UV BARAEE VI RAEFNTIAE - i
BRI BRI PROGTE A N EASA A S B,
XAl EESE AR S 7R AR T2 _ LA 7E— AR
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Fig.3 Modeling results of different methods on NIR
and UV datasets

F: A: NIR; B: UV,

2.5 ETHIREAARIER S LR

AW 5% K B PE 9% fl -G ( Data-Level Fusion,
DLF) M4 MSC WA )5 AY UV Fll NIR #dnide
Dl g sm iy =N &, 7% RF. SVM il PLS-DA
Sy AR PR A HERR R, %F UV HIT NIR %
PEEAT LF BG5S e R e AR &
2.5.1 F&T DLF 1) =Fh@@Birik FT24H T 5
T DLF iy =PI 4328455 . i3k 2 n UL, BF
B -G 10 53 FAR AL T3 T o — G AR Ay, H
H RF 53R ST B0 43 AR Enf 3R i i, I R Al
TRAEMER RSB0 100% Fi1 91.18%. 45 HFIA%IE
2 R SRS HE AL AS 1) BT A | HERR AN AR B
WSRERAIEE ), J5 8k TR GG A TR AR
S 4 IS

# 2 JEF DLF () =R iior s femi R

Table 2 Accuracies of three modeling methods based on DLF

Kl HERTT i WG (%) WAL (%)
SVM 100 85.29
DLF PLS-DA 91.14 91.18
RF 100 91.18

2.5.2 FREAS Rk
2.5.2.1 [af@fmde/ 3k 3R 3 510H T R4 AR
[ DX Ja) B, PEdE A e G X ] . TR 22 B IX (a4 &

MIAS L. S5R AT L, Bl sr IX TRl E0Z: 20, At
MF IXEDESE 5 FIX . B 4 25010520 20
A DX Ta] B, A5 DX TA] AR A% ) T iR 22, 151~ X
[E] 3845 1 RMSECV {H 5 423 PLS ¥ RMSECV {H
BEATERES . MIEHATRIFE H, 28 3. 5. 7 F1 8 [X[H]
RMSECV {H¥/NF4 ik B X [a] e 50 B e
Hip X [a] 5 f) RMSECV {Hf/N. SO ECE %l 43
S 20 AN XE], RS 5 XA N 4RAE X 8], A5 114

= =t =N
RFIEAR AL

F 3 RIGPANIR] DX TE] S AR K X [R] E E2
Table 3 Modeling and interval selection results when dividing
the number of different intervals

X [ %k AT IX ] RMSECV FREAE g
10 3 0.4056 228
20 5 0.3752 114
30 7 0.3789 76
40 10 0.4416 57
50 17 0.4568 46
60 4 0.4633 38
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Fig.4 Modeling results of iPLS when dividing
into 20 sub-intervals
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Fig.5 VIP corresponding to each wavelength variable
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Fig.6 Process of CARS in selecting characteristic variables
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Fig.7 Modeling effects of different models under different variable screening methods
¥: A: RF; B: SVM; C: PLS-DA,
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