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Abstract

Cutting and grafting are two important seedling cultivation methods in horticultural production.
The dried tangerine peels (Chenpi) produced by these two methods show obvious differences in the
market, and it is crucial to accurately distinguish between them. However, traditional identification
methods have problems such as strong subjectivity, low efficiency, and poor accuracy, making it
difficult to meet the needs of large-scale identification. To address these issues, this study compared
the performance of three traditional machine learning algorithms (Support Vector Machine (SVM),
Random Forest (RF), and K-Nearest Neighbors (KNN)) and five state-of-the-art time series deep
learning algorithms (TSMixer, MSDMixer, TimesNet, PatchMixer, and TimeMixer) in distinguishing
between cutting and grafting based on near-infrared spectroscopy data. At the same time, this study
selected various data preprocessing methods such as normalization and conducted an in-depth ex-
ploration of the impact of different preprocessing methods on the performance of various algo-
rithms. The experimental results show that traditional algorithms are suitable for scenarios with
low requirements for computing resources and time, while deep learning algorithms can achieve
more accurate identification under the conditions of sufficient data volume and abundant compu-
ting resources. In addition, different data preprocessing methods have a significant impact on the
performance of the algorithms. Deep learning algorithms (such as PatchMixer and TimeMixer) and
traditional algorithms (such as SVM and KNN) can reach or approach an average accuracy of 100%
under specific preprocessing. This study not only provides empirical support for the application of
near-infrared spectroscopy in the identification of plant cultivation methods but also offers im-
portant references for algorithm selection and data preprocessing methods in practical applica-
tions.
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Figure 1. Near-infrared spectrometer NIR-R210
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Figure 2. Near-infrared spectral characteristics of Chenpi from cutting and grafting
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Table 1. Average accuracy of traditional algorithms under different preprocessing methods

= 1. FRIFAEGE TR R EANTFIERE

Classifier Raw Data MM ZS MC L2N RS PTS
SVM 0.89 +0.06 0.95+0.05 0.97 +0.04 0.98 + 0.03 0.86 = 0.06 0.96 +0.05 0.98 +0.03
RF 0.78 +£0.09 0.83+£0.10 0.80+0.11 0.79+0.07 0.90 +0.09 0.82+0.10 0.81+£0.10

KNN 0.94 £ 0.05 0.92 £ 0.05 0.93 £0.06 0.94 £ 0.05 0.89 +0.06 0.94 £ 0.05 0.93 £0.06
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Table 2. Average accuracy of deep learning algorithms under different preprocessing methods

% 2. FRITAE AT RES B ANFEERR

Model Raw Data MM ZS MC LoN RS PTS
TSMixer 0.54+0.11 0.96 + 0.04 0.88+0.10 095+0.05 0.60+£0.13 094+0.11 091+0.12
MSDMixer  0.55+0.12 0.92+£0.11 0.94+0.05 090+0.06 0.52+£0.09 0.91+0.08 0.93+0.05
TimesNet 0.63+£0.10 0.92 £0.05 093 +0.06 0.69+0.10 0.48=+0.07 0.92 £0.09 0.92 +£0.07
PatchMixer  0.86 +0.09 1.00 = 0.00 1.00+£0.00 1.00+0.01 092+0.08 1.00+0.01 1.00+0.01
TimeMixer 0.93+0.07 0.99+0.03 1.00 £ 0.00 0.99 £0.02 0.80£0.14 1.00 £ 0.01 0.95+£0.05
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TSMixer FIHEF R AEE AR, (OR-FIUER R IE = 2] 0.60. EH%Z 7 MM, ZS. RS M PTS itk 5,
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W53 BRI T 0.99 1 1.00,

g5 LRTR, ASE R TRAREE 7 0 R A ST BE I B A A B AR . MM ZS. RS #1 PTS %5
AL FE 7 1L BB R T T R BRI RE, 1T L2 JEEUE — A TA R v S R ) O AN R A
Bo [Hh, 7ESZbRR AR, PR R TAL 3 7 v (0 MM)SRALEE TSMixer AT MSDMixer 2545
B, R B TR TR R A R

43. G RZEREF IHEENLEB S

TEAR 1) BB Az I g RIS R 2 AT 55 v, A% G SV RN R B 2 ) Sk e I AN TR R e s AR 34 . AR08
Tt A 24 b 50 PR P VA T S A TIUAL 3 25 1 A% O PR RE TR b (W P 38 v R AbR AE ), IR AN BT EATTI
PEREZE S, B RS BRI SR A kP
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Table 3. Comparison of optimal accuracy of traditional and deep learning algorithms in identifying Chenpi from cutting and

grafting
3. BREERSREF I BIEEBRFRR IR IR 7 0 S A E i R LR
Algorithm Optimal Preprocessing Method Average Accuracy
TimeMixer MM 1.00 = 0.00
PatchMixer MM/ZS 1.00 = 0.00
SVM MC/PTS 0.98 +0.03
TSMixer MM 0.96 +0.04
MSDMixer ZS 0.94 +0.05
KNN —/MC/RS 0.94 £0.05
TimesNet ZS 0.93 £0.06
RF LoN/ MC/ RS 0.90 +0.09
5. &g

AW FCIRNRT T AT LT AN AR TE VR LA R 5 RN A R e (R S FH S oA G SR RNR P 2 ) B
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TERE AL ER I B, BB 7R T AN R R UEAG 7 200 AN [F) S E VE RE IS e A7 A B B 22 5. TEAR B
I, P A O AR R AR bR AL S TAL B AR AT Rl SVML (1 P HER RS2 TT 52 0.98, RO BR TE
TIEMRAL SVM SVEMERE T TH R ARAE R » AHLLZ N, KNN Sk RIE B AT bR A AL EE, {7 6E FLf
ol JEHA B 1) RO R PR IA B 0.97 I ER R o X — I IR LI ] T AN R A% G S A TRAL B SR A
O 7 T ) S 3 2 5

FERIE 2 S FFAE S, /MR A — A Z ARAEAL S TRAL B ) vk B 3 4R T T SR A (k. L
S, ERERTIAESME R, PatchMixer Al TimeMixer [T SIHER R NI R I FaEE 1.00, M5
T IX RN IR Ty VA S AR IR P A SRR R T T P AR A

MV RELL IR M R, MR IR RIR 5 ) BIE S AR A B A . ARGy T H AR
(TS 2 A8 ) U R e ) AN (3 2 5 N I 2, 7 S P b B B35 A 34 B SVM Al KNN
R, AEGITE 2 ) TAL B D BR B B S AR R S, AT R 08 v 2k LR S s P A R B AT A R
VR AT SS,  [RIET A OR — e v 6, 3 X v B30 % YRR B [ S0 1) 8 FH 3% 5 I 75 3R

ST, R SR O ATE T FEag KRR 22 T Re 1, B B 3l IR N M2 48 £0ais Hh B
A A 2 B R GRS AE . PatchMixer A1 TimeMixer 7 P8I [ Bz RN I 52 1R AT 25 v e B0 1 ) bl
Fhe 1, AMONZARIRAL T = B R AR R T, IR T IR 5 ) R AE A PR AT A B R T
E K 7.

AT TR I I P A R B R SR R R (R Bt T T & 2RI BRI AR AN SRS e 5. FETH B BEUR A
BRI I S50 S RS A /N R S R 3 s, A 40 R DG v RO AN (SR 7 e I o o B AR () R
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R B FEANIT LT A B AT E B A e R R 5 I R 1R e 110 o7 P B 7 18 i ) A A e e I
fith, NGB TR AR E R T B RIS E MR R, FERHEME, RE O BRTEARR I HIA
B 7R BUAF] 100% FHERFZ, (FZME R AR E (X (NIR-R210)5 2455050 = A58 NS 1), HAEALE
LRI A7 5 BRACI 1B B AR AR SR BR, PRI AR B Tl s b iz Ak g S F itk — 2B 30AIE . AR TARRAR
RIEERN, 2O P RS RN, DIRTHERTER & BSHLORE F I E g, Rl i@ sh
FRISAIE SEHE BN HOAR [7) SRS AL, A B SEEAT £ A MGV E IR 2 5 s il AR AL S5 2 B A R R
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