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Abstract: When using near—infrared spectroscopy and machine learning methods to quickly identify the
quality of Pu—er tea, the spectra collected by medium and low—end near—infrared spectroscopy acquisition

equipment have the characteristics of high dimension, overlap and large noise, which seriously affects the
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accuracy of modeling. This paper proposes a noise—robust feature extraction method, which is combined
with support vector machine (SVM) classifier to establish the quality identification method of Pu-er tea.
Firstly, the noise-robust feature extraction method, principal component analysis (PCA) and successive
projections algorithm (SPA) are used to extract the features from the obtained near—infrared spectral data.
Then, SVM 1s used to train the data after feature extraction to obtain the identification model. The
comparison of the identification results of the model shows that for the noiseresidual near—infrared spectral
data, the noise robust feature extraction method in this paper can effectively resist the influence of noise and
propose feature variables from the high—-dimensional spectrum to improve the accuracy of the identification
model. The accuracy, recall, specificity, accuracy and F-score predicted by the identification model were
significantly higher than those obtained by the other two methods. For the detection of ancient Pu—er tea
and non—ancient Pu—er tea, the accuracy and recall predicted by the identification model in this paper have
reached 92.06% and 95.38% respectively, indicating that the identification model has good identification
ability. The research results provide theoretical reference and basis for accurately judging the quality of Pu-
er tea in practical application.
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Tablel Quality identification results of Pu—er tea

Tk IEFR HRE RRE MR P RF R

PCA-SVM 0.8429 0.8532 0.8317 0.8455  0.8493
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AXJE: 09206 0.9538 0.8852 0.8986 0.925 4

3 ZEIE

AR SCEE Xt v AR i T 2T A0 o T SR B B A 1Y [
RO, R L 0% MR P B 1 RO 4R I 1 e M i R
TR LU GRS B A B s S R Y
[, AR SCRI I Z 35 SVM 4y K a4 & L Xt
R S 5 R A R AT TS
5, 0 2 50 & AR S % Ik AR I S ) E
T % AT 35 92,06 %0 , A [l #3545 95. 38%6 , i /& T B
AHEIEEER. s REH . A kG s
rPAE ity 3T 2T A0 % R 4 152 A% 7 5 S b i I H L g
% 2 B0 TE 5 I B TG A 4 A1), T B i R I R
FH R 355 v 11— A S5 1) 0l A

S E LWk

[1] BCEH, BRI, ERKSE . by A8 3t 7 28 AR 2R IV ad 72
oA O A AR DT B B A, 2022, 43(4):
241-248.

Zhao Yang, Gong Jia—shun, Wang Qiu—ping. Change

in aroma components of raw pu—erh tea from ancient
tea trees during storage[J]. Food Science, 2022, 43
(4): 241-248.

(2] %80, SBIEAL . BT 32000 o0 A 4 1 = g ol A 3

A FALUE MR T]. A& Tl AL, 2017,
38(15): 264-269.
Zeng Min, Gong Zheng-li. Modeling for aroma quali-
ty evaluation of Yunnan Pu-erh raw tea made from an-
cient trees based on principal component analysis[J].
Science and Technology of Food Industry, 2017, 38
(15): 264-269.

[3] a4, JA&s, PhEIT . 3T 20 A6 B AR 78 25 i

B 45 b g R T] T AR AR B A4, 2019, 46(1):
91-100.
Wu Quan-—jin, Zhou Zhe, Sun Wei-jiang. Review on
the application of near—infrared spectroscopy technolo-
gy in tea quality management[J]. Guangdong Agricul-
tural Sciences, 2019, 46(1): 91-100.

(4] EMEM, =AY, &L, & ETIEAADEEEA

B JEUNE . 8 2% DR AF4F 0y 19 DR TR B S [T]. AR R
AR 2#24 40, 2015, 34(5): 111-114.
Wang Sheng-peng, Gong Zi-ming, Gao Shi-wei, et
al. Identification of Enshi yulu tea conserved years
based on near infrared spectroscopy[J]. Journal of
Huazhong Agricultural University, 2015, 34(5):
111-114.

[5] Ren G, Wang Y, Ning J, et al. Highly identification
of keemun black tea rank based on cognitive spectros-
copy: near infrared spectroscopy combined with fea-
ture variable selection[J]. Spectrochimica Acta Part
A: Molecular and Biomolecular Spectroscopy, 2020,
230: 118079.

(6] &k, E/haE, PR, 5 325U 20 /b il i o il

N R 1L VR 45 5 24 VRO 43 W E 1 I 5 TR (D). O
WA 540, 2021, 41(7): 1993-1997.
Han Guang, Wang Xiao—yan, Chen Si—qi, et al. Re-
search progress on improving the accuracy of near inf
rared spectroscopy detection of human blood and oth-
er complex solution components[J]. Spectroscopy and
Spectral Analysis, 2021, 41(7): 1993-1997.

(7] Wpear, e, X, % . 2T 8k Hodrick-
Prescott 43 il 5% R (¥ 3 2L 41 19 335 Rz e Mg 7 1 (0], DGk
#5561 4B, 2020, 40(5): 1650-1655.
Xie De-hong, Li Jun—feng, Liu Di, et al. An im-
proved hodrick—prescott decomposition based near—in-
frared adaptive denoising method[J].
and Spectral Analysis, 2020, 40(5): 1650-1655.

[8] Yang H, LiL L, Li G H, et al. A novel feature ex-

Spectroscopy



oL

1762 - * 2

w"(x

F R ) % 55 %

(9]

[10]

[11]

traction method for ship-radiated noise[J]. Defence
Technology, 2022, 18(4): 604-617.

AN, B, L, . LLAERE W K
2L A0 G 1 P R IR T e ST (T]. ARl TR AR
2018, 34(24): 306-313.

Dong Chun-wang, Liang Gao—zhen, An Ting, et al.
Near-infrared spectroscopy detection model for senso-
ry quality and chemical constituents of black tealJ].
Transactions of the Chinese Society of Agricultural
Engineering, 2018, 34(24): 306-313.

XM, MR, A, AL ARLERIB R4 ik 4
AT £ AP BE B 3 4 1) AN R g 4R 2 (D). %
MR, 2019, 39(6): 715-722.

Liu Peng, Ai Shi-rong, Yang Pu-xiang, et al. Non-
linear manifold dimensionality reduction methods for
quick discrimination of tea at different altitude by near
infrared spectroscopy[J]. Journal of Tea Science,
2019, 39(6): 715-722.

Canova L D S, Vallese F D, Pistonesi M F, et al.
An improved successive projections algorithm version

to variable selection in multiple linear regression[J].

[14]

Analytica Chimica Acta, 2023, 1274: 341560.

Pang L., Wang L., Yuan P, et al. Rapid seed viability
prediction of Sophora japonica by improved successive
projection algorithm and hyperspectral imaging[J]. In-
frared Physics & Technology, 2022, 123: 104143.
Ghosh T, Kirby M. Linear centroid encoder for su-
pervised principal component analysis[J]. Pattern Rec-
ognition, 2024, 155: 110634.

Cardoso V G K, Poppi R J. Non-invasive identifica-
tion of commercial green tea blends using NIR spec-
troscopy and support vector machine[J]. Microchemi-
cal Journal, 2021, 164: 106052.

Pang Y, Wang Y, Lai X, et al. Enhanced kriging
leave-one-out cross—validation in improving model es-
timation and optimization[J]. Computer Methods in
Applied Mechanics and Engineering, 2023, 414:
116194.

Luque A, Carrasco A, Martin A, et al. The impact
of class imbalance in classification performance met-
rics based on the binary confusion matrix[J]. Pattern

Recognition, 2019, 91: 216-231.



