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Study on rapid and nondestructive detection model of fumonisin in corn
residue based on hyperspectral imaging
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ABSTRACT: Objective To explore the feasibility of constructing a rapid and nondestructive detection model for
fumonisin (FUMs) in corn residue using hyperspectral imaging (HSI, spectral range 900—1700 nm) combined with
deep learning methods. Methods Corn bran samples containing a concentration gradient of FUMs (0-6 mg/kg)

were artificially prepared (total of 175 samples). After removing interference through multiplicative scatter correction

ks HEA: 2026-02-03

ESWH: 2023 F 5T Z K A6 X ERHEIEE AA BRI H (TR Z 4T (2024) 6 5); T EFHE IR I H (2024CMG03049)
B/ EEES: KIFN1996—), <, Wi, FLTRIN, FEEHFR VSRR Y%, E-mail: 793787105@qq.com
REEE: BTE(1993—), &, WL, TR, FEEHFFE7m N HAEY K& R %4 . E-mail: ybw2016@sina.com



557

WL, % TR0 TORME R T 2 ek A SR B 1

(MSC) preprocessing, the univariate variable elimination (UVE) and variable combination population analysis (VCPA)

methods were used to identify key feature wavelengths for FUMs (26 wavelengths), respectively. Results After

comparing models including partial least squares regression (PLSR), support vector machine (SVM), convolutional

neural network (CNN), long short-term memory (LSTM), gated recurrent unit (GRU) and Attention, the

CNN-GRU-Attention fusion model demonstrated optimal performance: For FUMs detection, the prediction

coefficient of determination reached 0.9328, the root mean square prediction error was 0.3931, and the prediction

deviation ratio was 3.8247. Conclusion The established detection method enables rapid, precise and nondestructive

simultaneous detection of FUMs, providing a novel technical pathway for grain mycotoxin detection and offering

reference for the application of interpretable deep learning in spectral analysis.
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Table 1 Modeling results based on spectral preprocessing of samples
L4 SRS
I b BT v
R2 RMSEC Ry’ RMSEP
SG 0.8516 0.5261 0.8428 0.9562
Normalize 0.8704 0.4736 0.8531 0.5534
PLSR Baseline 0.8449 0.5027 0.8465 0.5851
SNV 0.9071 0.4158 0.8412 0.6023
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Normalize 0.9651 0.1310 0.8954 0.3643
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MSC 0.9832 0.0747 0.8765 0.3998
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CNN-LSTM-Attention Baseline 0.7991 0.6123 0.8121 0.6591
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Normalize 0.9112 0.4126 0.9034 0.4614
CNN-GRU-Attention Baseline 0.9231 0.3789 0.8925 0.4825
SNV 0.9316 0.3503 0.9200 0.4332

MSC 0.9628 0.2665 0.9467 0.3568




116 B A 4 T e A 2 i 175
21 CARS 2
r UVE
A * AR Y * AREK
¥ Tk Lk / SEHEE 2R
1L 2
3 1+
:r ”mr
H 1 2
= ol = ol
X 1%
-1 w] w “1F
h 1000 1200 1400 1600 10'00 1200 1400 16|00
PK/nm K /mm
2~ VCPA
* ALK
SEHEPEE LR
1+
& 0f
X
1+
-2 1 1 1
1000 1200 1400 1600

P /mm

3 FUMs PHRFAE S SR s SR

Fig.3 Results of characteristic wavelength extraction for FUMs

24 RBMENHER

A BRI R T 3 A R A T A 1 g A D e S P
Pk f LR R RRAE I, BERENS 1K BRI 2 B R 45, SR
TR RR B W S5 MR TUAY, b, BRI B 1 SR AR 7R W] ff
Bk, MRARVEAE SCHK S N AE LA IR L2540, Fe 2 S BT
TAS FE DAL 140G IR FIDD A 1 B30 40 e 4
BEFARAE A A8 PLSR . SVM. CNN-LSTM-Attention Fl
CNN-GRU-Attention 4 Fi#I, Xf % Ki&H FUMs #4750
140, it R, RMSEC. RMSEP L)}z RPD S #6714 g
WEATVEMY, SBT3 HT 45 R ANER 2 s .

XTF FUMs 2 Hr i #LaR 2% > BR, PLSR M it &
IHIRLAL CARS, B9 Ry>. RMSEP. RPD 4} ik
0.9119.0.4714.3.0872, SVM [ fcfl 2 & Hrii Bl UVE,
‘B R, RMSEP. RPD 435y 0.9165, 0.4347, 3.5011,
X T2 2 i, CNN-LSTM-Attention Y35 5E f 43
FriiR %y UVE, ‘EH Ry, RMSEP, RPD 4344 0.9108
0.4580.,3.3624, CNN-GRU-Attention Y i & fi 4> B i Bl

4 UVE, B Ry>. RMSEP . RPD 4345 0.9328. 0.3931.
3.8247, Z5REW, 1E 4 Fhog R UVE MFEE
BT B B B H, AR 26 ANEREAE &
RIM RIF BRI G M, AL F IR g g ke
AR B B TO0MIORG B2 R AR AR AT — B B i 3 T, (R THIY
BN, WX FIREE IR, N UVE B4
B TOMRS B2 AT T R0 BE i 42 T+, CARS # VCPA 15l
BEIF RS B dE ., £ 4 BBk
CNN-GRU-Attention-MSC-UVE Ji{, Jy A [ R A4
F PLSR., SVM. CNN-LSTM-Attention &% fER K43 5]
ET 0.0209%. 0.0163%. 0.0220%, RMSEP 4 HI|F#A%
T 0.0783. 0.0416. 0.0649, RPD 4325 T 0.7375,
0.3236. 0.4623.

LA S M W], CNN-GRU-Attention H5 7 7 Y 1
e RS . R BN % TS R AR R BUS R
PERE, HzhZS 25 I HLHI AT S2EL X FUMSs B4 VA I 5 A
BPEA



557

WAL, % TR0 TR et £k ) 2 e A SR B 17

®2 ETHLEKTNERSENEVAIER 4

Table 2 Performance of regression models based on effective wavelengths for toxin prediction

K4 IS
LIRS FRIEFE IO %
Rz RMSEC Ry’ RMSEP RPD
RAW 0.9153 0.3958 0.8732 0.5337 2.8449
CARS 0.9618 0.2656 0.9119 0.4714 3.0872
PLSR
UVE 0.9025 0.4667 0.9027 0.4662 3.1273
VCPA 0.8736 0.4842 0.8959 0.4896 3.0001
RAW 0.9883 0.0711 0.8712 0.3985 3.1531
s CARS 0.9486 0.3085 0.8953 0.4833 3.1575
VM
UVE 0.8963 0.4403 0.9165 0.4347 3.5011
VCPA 0.8651 0.5027 0.8468 0.5898 2.5792
RAW 0.9160 0.3946 0.9075 0.4525 3.3265
CARS 0.8773 0.4769 0.8686 0.5436 2.8146
CNN-LSTM-Attention
UVE 0.9001 0.4328 0.9108 0.4580 3.3624
VCPA 0.8709 0.4902 0.8821 0.5147 2.9228
RAW 0.9343 0.3487 0.9201 0.4239 3.5491
CARS 0.9441 0.3214 0.8713 0.5388 2.8238
CNN-GRU-Attention
UVE 0.9498 0.3043 0.9328 0.3931 3.8247
VCPA 0.9156 0.3977 0.8759 0.5293 2.8900
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