2026 4F 7 H 55 845 5 4 Wi FEAR (FPHESC) Smart Agriculture

ETFZEo ¥t EHNESERERS/KENEE
MaMoNet 46 | & £Y

OB, R & BEE, RERL, BO&Y

(1. VL REAR Tl B e s i 280 F T E e SE 00 %5, VIR O 214122, FR [ 5 2. VIR A AN B2 B B EFIE T,
VIIRF AL 210014, H1[EH)

B E: [ER/EX] S/KRRE R R G TR TS E RS0 T 5 i A 204k 4y
BITHE A L S BRI 6o R OK S5 AR R B ) im RS BE RS o [J7 s ] XS ax — i, DA A8 8 1K A T
X, ML IE AT UG- LD A W HOLIE R R G, AR EARFEA B 2 E IR, JRR I — A RS
Mamba RS2SR 5 2T KRG (Multi—gate Mixture—of—Experts, MMoE ) HLil % ZZAT 55 T ) 25 MaMoNet
(Mamba-MMoE Network ), B ¢l i —4E % FRES I AT JR AR FFAE SR L, SR )5 BT Mamba 19 22 RUSE ARAE 42 HURE Bl
PR W b B AR A 1R AR RFAE , B IS 51 A\ MMoE B2 5 SE3UFF R 5 7K 258 55 B B2 T A 45 1] (9 AR AT ) 38 17 43 i o
[GRMITE] 45R KW, MaMoNet AEMNRAE I FRKFRL S /K ST AP E REREAF) T 0.91, TR RAAH] T
0.89, HJOL T Xf Lb A o i il 55 40 i — 2D GiFE W] Mamba #2378 FEBOG R BRI OC R 7 B W05, DK
MMok HLIH BB A AR 24T 55 2 2 AT 55 R RHE e R . [4538 ] MaMoNet BB AR 5t 43 F I %5 18] 43 HE G 1S5
B, S R I EE  RORPRL A R 1 R B (R AD TR, T O A K BT PR . JEURS D S AR i AT
%, BA RN T .

KA BEEROK; ZHEIE R ILE-IELAMERE; Mamba B8, 245242 SR T
RES%ES: S-3 XHEKFRIRAD: A

XEHS: SA202512025

SRR VPR B, BRI, AR ST, BRI BT A )0 B A S £ OK B K AR BE MaMoNet £ 5 AU (1],
B (HHE30), 2026, 8(4): 114-126. DOI: 10.12133/j.smartag. SA202512025

XU Min, ZHAO Xin, CHEN Yanping, ZHU Qibing, HUANG Min. MaMoNet-Based Detection Model for Moisture Con-
tent and Hardness of Fresh Corn Using Spatially Resolved Spectroscopy[J]. Smart Agriculture, 2026, 8(4): 114-126. DOI:

Jul. 2026 Vol. 8, No. 4

10.12133/j.smartag.SA202512025 (in Chinese with English abstract)

0 51 &

BEA TR, WEREESEER, JRA8 LR T
LY 22 BRCR A g £ FIT 40 R R S R EFLI
WS SR R I SR, R R OK
R LAN CUR . R S R A e . R
W RR YT, DSOS O DI REPERL 5y, Eld
FEIRE £ v o 8 T M 1 K SRR R A
BEFT TR SRR AT B SH, Horh A KR Mk
B AR 50& TR, TR B SRR A R A B
FHG BRI 5, wfEm . D b 5 X P

s . 2025-12-26

B, AUA BT KA 5 BT 4395 R I AL
Wi, Al E R R A R IR E S

U LT AN GRS S B AR PG . T a3,
FEAL T B ARAE I 25 A 7™ b il Jo ey D0 € A5 38 )
PP A5 IR 3 0 £ S ol o NI 18 L I WU SR T S S
TFIELLAMGIE S B UG AR TR T KiE iR &I
BUS T B4R fltn, ZHENG %5 F) T 404k
HIEEAR, FEA R S5 T SE8 T B RKRL 5 7K
REEAFR SR, FERMBEBAGT, &K
M Y R 35 3] 0.97. RMSE 4 0.45%, & [ 5 1

WY R* 2 0.82, RMSE }0.51%, ZHANG % " 3

HETH. ERARBEILETH (62273166); TLAHELVAE B F05H%E4 (CX (23] 3129)

YEFERIN: 7 G, BRI, BT A Bl BoR , E-mail :

minxu0719@163.com

CHAEIEE . O W, B, MRS, BT RO SRR AR | 2 Tl R AR S B, E-mail:  huangmzqb@163.com

copyright©2026 by the authors

(& 5% www.smartag.net.cn 90 3¢ 3B TR 42 30)



Vol. 8, No. 4

VPO FET AR FO6IE B0 6 FOR & /KR ANEEZ MaMoNet A6 4 4 115

FHRECIE BUREAR , 38 2 3R HERE TR AR TH 5
RIS TS EGR, XEHAS ACR B T pr s, Hoix
PR B AR (A OC R B R IB BB R AR, Z580F
#4645 RMSE/ (1+R) 4 0.141, WANG 5§ """ 14
BT —ERBERAINE ISR RS, ST R
FARFFRLZ ACR ARG . LR 53 DL R A 5 Y
T AP B R RLAE A X G, SR, FESEBR
A SR, DU T . RESEOK SR
Ko WA HOREEIREE . AT S Y B
B, FRARREETIRE, SR FORLERIL. Wz S8
R O B A DA R A P S (B A&
THASCFAE T AR N TR LHE, HBUESW
FE T B SO T £ T AT S B AR ME LA SE FH A 4
P Py i R DK 7K RRIAE BEAGIN A A A ROK
ADEFER BN (R)Z) FERFR (R#E
Z) W EAEYHE, N Z A SR Y
e R R B ARRIZHLSILFEE- R . R
Ptz e, R IZ LU gl i 2 2w H 4
S 1 TR BE 23 B A SR TR R 2% BE 2 A
MR RIS AT 8 A W] B B i G F
(BIE TR E a4 e L i o N E Jnd 151 B o T = S S g 1
SRS ), KA BT B R X RS B
T,y PR i BT P e A R G 00 A A e i
Gk

25 [ A3 BT & 1 e B AR G 4 23 (8] 4 A
BE, AR RS TR A, B
TEAF R A R 1) U B2 e AH DG 1 Zs Ta] o B
G A e A AR O S BUR AL > ik,
Pt/ _ € )q (Partial Least Squares, PLS) . 4§
i AL (Support Vector Machine, SVM) %5, ME DA
oA OGS T A AR M S S Y RRIE N AR
K, LLEFI 4 M4 (Convolutional Neural Net-
work, CNN) . Transformer i {3 VR & o7 ) Al
o B R IR BEIRE 01, A IE A TP AR B
il ", BN, pFOTRAE Y ARG 4k
TSR (3D-2D CNN) A i 28 [ 45 4 B 2
] -3 - RV RRAE (S B, T 2 B AR AR VE ) 43
F, BERTT XRS5 S, CHEN 4 Y
BLT Transformer 4544, JHEBN T AVER LS, 5
BT XA | T A e S A 2 R ) A A 2
fHJE, CNN W25 Xk DL 4R 0 ik Bl ds ik B [l g e 7%
WA 2 ™75 M Transformer A8 PR 5 1135 42 44
JE IO R AFE AN S B M 1 A E /MR AS OGS S 5 rh
TIZR > Hoh, A MIGIEEEBE T REZ R

AT 552720, AVET X B — Sl BT AR A R, A
PUSCRALT , i H 288 T A [R] i B 280 0] i N TR
R > 22 %% 2] (Multi-Task Learning,
MTL) SRmEHET I A GRSk, DL 5515 B
IZEH R (HAEGA MTL 258 K Z K B i
W R R Wt stz RIS RE S EAL
il LB R R A R P

Mamba & T A7 R4 1 56 T e B R AR 28 TRl 1)
FPOVERE T B 2 i TR TR ML M4 (Re-
current Neural Network, RNN) /) & %% £ 5 Trans-
former [ 4> R EA5LHE T, Mamba RS A AU/ A/
AL AR TP A I RO R, B
RAFMITHE SR S5 b MERE . AWF 98 3L T Mamba
BRI RE L, BT 2R 55 20 Rms, i 17 —#b
FF Mamba 5 Z ] L KIS (Multi-gate Mixture-
of-Experts, MMoE ) Ll #H 4% & i) 2 AT 55 ' ik 1 )
A MaMoNet (Mamba-MMOoE Network), H
T[] s 0000 5 P B £ R K ) 1 K SRR B, A
UL F Mamba PR35 2 (8] 25 04 15 RO 386 15 Ik Bz )
MR PR OC R, SEIR G 7 5 W AE B A FRIE Y

WIZE L ; RS A MMoE ™, i#iitZ ML FM
9 ST 55 R AL T TR G, SEBERE )2 T 1)

AT, FRERIRENS TE 2 AR S KR R
Z IR AR SRHR , A oA B A 5 7K 3R A 2
SR, LUIA AR AL F 0K B 35 K AR 2 (] o A0
TS GRS

1 HMR5HEx
1.1 S HR

AT R IR RG 229 BE oK, T 202547
H 1 HIETH A RFHGE KRR & b ££ 90 AR A/
BIo) . JO HUE W EORVERREAS, X HAR S, IFT
2 A O A 1S AR I SE R = AT . 2,
TP 4~7 I ISR K, B BFARET. #
AR EES R, BEE B ORAPR A B
FH LA AL o U 28 e U

SEREE, B IR EKSS N B R F3TY,
TR (I L ETR), MR 6 EEA, JeBRAg:
R R il A7 BUE R FORFEAS, B335 500 4~
FEAS
1.2 HiLRE

AR SEEG A P SE 5 5 B FE 0T K i A5 18] o3 BT
R 2 G ok B EOKOEIE Bds , % R G h OB IR



116 BEAN (FPIESL) Smart Agriculture

Vol. 8, No. 4

LU LBE T et
inlslaimlulallal, | bl s
1 ~- 1y >
IR e e S e e e L;\kV\' . SRR R e |
{ déaal O e ) 2 |
AL aaleleidy shichl G bsts” |
P N R el e 5 |
3

«««««««

EFEANE URERSH L P FI39, 5 2 HRE,F5 64
HA,
B1 EZAHSHIK
Fig. 1 Corn sample segmentation

(HL100, & %=, L) . Stk (SE2030-050-FU-
VN, OtO Photonics, 574, [l & 400~1 100 nm,
JEREDHERLH0.76 nm) . AIBEEFG . Al GefHiE
W . AL LA, Hd, 50X
HERERDGLF A2 0 1 000 pm, 18 2a TR G4 1 AR
JCIEGEF A4 M P AP RS (400 #1600 pm) (421
FeLFLH R, JEIEE 1A 1 000 pm B GEF14%, H

BarL

— Vi 5 A BB C LR — R [ B L O — i
HEOEIR . WE 2a R, B TFREICEDELT S8
WBIE A RE S SRR, 5 LAROBE 5 A G
ML TR, SUFES S HE M AOBE ™
AT, PRI VR ERIBO B AT 500G LF Z Al 1
B R B AR — 2, IR ST TR Y 2 ARG LR
(FEWOEEF 1. 2) FR® M 400 pm, FEWOEL 1, 25
HCIR 2 B EES 43900 2.0 F13.2 mm, A ARG
IR 2 HOEEF (BROBEF 3. 4) BLE M 600 um, £
WOEETF 3. 450U Y25 (A1 5 430l h 4.4 F1 5.6 mm,
IR 9 A 2 7 ] 2 B D' P ] 5 >R R DG A5 9
BF, AT DA UE ST YR A 2T R AR B 1 6 Bt AN
Zxad W, I EOCUR GER R A B OIS B AN &

/N

AT

b. REREZRA

B2 ERBE-HLEHERE
Fig. 2 Husk-on corn spectral data acquisition

WE 26 fir s, FEFEAT 25 (8] 43 BOG S R A 0
PR SR EH:, 4 RSO o il i 14 3]
B e —m, 5 —0bs—#R6er 5060
e, OGTEAE ] USB B 4 4 2 i |, i
Spectral Smart 2020 3 {1 s AR AE G £ .
TRUEZ 0 E = BOG LT 5O Z RIS e e
PE, R ok B 2D L8 IO E o7, SEERAR
L ATEERENL, JFTER ST W A 7 2 ik
P A BN T e B di iy, (4 44%
WA 3 e Y4 22 DTS A i I YRR A8 TR 45 R 4 )
HERAS, DT CRIEAS [R)38 18 2 (R A5 5 SR SR A AR
—EHUE ., OGIERAEN, 2 iE A OG- LA GIE

Z G R BRG] E K 40 ms, JGIRIIFER N 40 W,
STEEF, R FORREBENEAILZ , KRk
I e T KA S TR, A ] S R R R R
SFG, S ) H Y, IRA 4 A A o B
eI . R I R B 22 S 6O SR A 4 R Y 5
Wi, FERRARAEERHIF G A TS0 900, B SEREbLE
BUZA K FORFEA, ot HL A B v JE B A 700 2
I LA BEAE 22 R A i A A i (R B8 TR B2 1 S 25 A i
RS, ZAMCR N HRREAR Y R S H R E T A
TR ES S, R R AR — B &l
L, ARFERHH N REAR R R B2 R 4 mm, JREJE
WS/, X ETE R AR 25 SR B R R ] LA 220



Vol. 8, No. 4

VPO FET AR FO6IE B0 6 FOR & /KR ANEEZ MaMoNet A6 4 4 117

1.3 mERSHN=E

FETERAETEMT , MO IR AR X Bk ik 7~8 ki
ORI EORKFRL, B, #IE GB/T 5497-85br
HESRHHE T (105 °C, 7h) M@ H& KSR, Bk
D73k R KRR R RR S A 105 C X T R AR
(DHG-1013B, KE&MMEEAL, W) T2
fHE (Z47h), BURSHRARE, HEMERTE R
B2, IERIEAR (1) HERRR S KK,

w(%)z%x 100 (1)

A wlHERKR S AR, %; w AT T
PR, g5 w Wt PR AR R, g

B B /A 20 HP AL (TALXTC-18, 43R,
) g TIE, R PSR (A KN2mm),
T /N & 7. 25 ) SRR R 43 )% E R 20 N,

10.0 mm A1 1.0 mm/s. M xE B, 7E [F]—FF k7 X Jak 5§
N 3R IFBOEAME, DI RBENLIR 2, FHIN7
B G — BRI R g X

1.4 MaMoNet

MaMoNet 45 #4) 7~ 2 B & 3 firos 34k
“ SRR P - SR R A - AT 55 b R 22 ) |
JZRALEER T, G, 1D-CNNAE FH FHEOE
TS SR AR A AR RN TR 5 2 s IR, Mamba
PR 3 i I R A s T] AL A 4 2 0k B TR 1
PRI OC 22, SEIXOGTIE P 9 1Y 4 R 3Rk s ),
MMoE £ He 7F 2 =2 5 5 R4k 22 18] 52 B8l 28 70 i
IS8 BOR 22 i BT S E0 e 00 . 3% 1 7 5 45
A TG 0 F SRR S 2 A S5 ) 0 P AR AR O
PR, NI SRR . o 1) v 281 o A

[ TTibaew T o |
A ! o = on | 9
SRR (AT IR BTN =
1ElE|=| [ ElE = | &l £ ~ Bl L
el eIl E|R] §R — £ o =
j S| 2 S| 8 171 < 5 5 e
=N - - 2|z |~ g1 = < =
e g o| = z |

WO E of g 2| W 8 N O )

Ry 955)5 o ; ' (B,32,478) (B, 478, 32) (B,32) &
N —
3 MaMoNet&#H =& H
Fig. 3 Schematic structure of the MaMoNet model
1.4.1 1D-CNN Wk /D I 2 Mamba #ELER ()T U, T E— e R

FOROCTEE YR HA = 4B Uk B ) s A O
JRFRRFIE AR AL SR A, EER BRI P AN A A
MELUA SRR Ay, 2 iR E BT,
ZAT 5 WNKE BE . Ak, MaMoNet &5 5B T —
IR E U (K3), HFRBOEIEMAILZ
23 [ AR A AR, e S K A R AL
I AR o

AR R — 4k 5 LN 4% (One-Dimensional
Convolutional Neural Network, ID-CNN) Z5#4, X
43 18 SR BOE AT R AR IE BRI . H A TE AR A
(B, 4, 955), HrBFRRHIKK/N, 48R 41K
LIl , 955 MOtk B, B SR E -,
MUK i A TEEON 4 B 5 8, FEAA 8 LS 21 16,
BZEERERN R LR Sk, RS
k13— 1k (Batch Normalization) 5 ReLU & %% bR
B, VASERBUSTRRE . ALK R 4E R . M
M IR I RACRE, TEEBZE AT R
(Downsampling) #21E, B HEAEJF 51K B B 955 &
477 478, FhARRIEIEAR N (B, 32, 478), MM

LSEIARRIE ARG, AT B TR TR T A R AR E
PTES &M
1.4.2 Mamba

LG RERBURTBEWRHE S, i iE—2
GG 7 A o R B A A 2 R R OC R . A
A7 8 IS AR SRR, ARBEFE 5] A T Mamba £
e, Mamba & — S T RERE MR AR 23 AT (1Y) 5 2%
JPAVEBITTTE, RS TE LR R B BT RE ) Y )
B KR PRI A 42 . B /& SSM (State Space
Model) PYRCHERRAS , HAZ O BABORIE T — N iE4L
BT R GE, 38 BEsCIR 28 Y 2h A Ak S8 B A 7471
B E e e g, A (2) maAs (3)
Js o

h'(t)=Ah(t)+ Bx(t) (2)

y(t)= Ch(t) (3)

e CREREZE; x (o) BT AL
h (1) FoRRBRGEMEEARZE; A (1) FoRBEECIRES
KT AR y (1) MBI A RS



118 BEAN (FPIESL) Smart Agriculture

Vol. 8, No. 4

R B C BRI

T LR SE IR R LR M R, Lk H
FE 0 T3 F B BUT 9 TR A AL PR R B
FE #4548 (Zero Order Hold, ZOH) ¥44HF4 A F1 B
REMR R XTI I B EUL AR A F B, WE 4R, H
R BRmAX (4) AL (5) ik,

A =exp(AA4) (4)

B =(AA) '(exp(Ad) - I)- AB (5)

Kb AHRTERESE, HTHEGES RS
PRGBS o TR . B EUk s AT LA
Fom AR (6) A (7).,

h,= Ah,_, + Bx, (6)

v, = Ch, (7)

e h B[R] ¢ B BROECIRZS 5 x, W i
A, v Rk

VY JV

vy

=
SY
|
v V¢
~

<

(4, B, O) Bz

a. SSM #: # = &

i '
271 I ! Wi

.. [E
Selection Mechanism

b. Mamba % #) = & &

E 4 SSM 5 Mamba #9 4k & 25 #3241 b7 & B
Fig. 4 Architecture comparison of the SSM and Mamba block

T38h, AR5t SSM T EAR Hh AEAE P A S [R]
— SR E . BRI S S BUEE B, C, L
KA RUBE A Y a2 24k, iz X A v 51
MG N BE J) . TUREZ e . XTI AT SR
G720, MELLSE H OGS B sl i i IO A
B, WIMTER ZO6EAT 55 h R IAZIR . A Fefix st
7] 1, Mamba 7£ SSM Ffil 5| A T ik £ EHLHI,
ML R A E R B Proj( - ) BB SR0k T

TR ARSI R B, C, A, WXk
PEMEALE], Mamba BERS X s AVEGIE ¥ 9 E1 T ol A
B AT 55 AHOCHRRAE I FRAIRME 7S T, DA 4K
PETHFFAE PRI AT O S e

TEARBFFE AT 5, Sk H 1D-CNN A&
Hepydin i (B, 32, 478) 7EHii A Mamba #E 5 Ri U
il B R (B, 478, 32), DLl av L 7E I B
J5 ) b e g AR AR R . W S TR, ARSI X
HREL AR, BEJE, AR i 2k B
X B B A B AR 25 8] x Fl 2z, Horpx T E 75
AL, TR BB RS . B, R A S
LU 3476 PR — 2E 5 BUZ R x E 4700 A5 R E F B,
B G R IE R R x' o SR, Bl S AR A
25 AR SRR A B AT €, I i i ) R
S A ELREE L. BEE, xRS
WETE )G, 320 P RVERAE y K 5 28 SiLU 36 A0 4
By it z AT T FR ST, SEIXT AN [R5 a0 1)
BRI . fe)i, il 2ad e T 5 R bh i
AFRZEMIN, TE SR 2B i P8 Y

Lt
F B e
O stk (umsTRL|
D mx =

A 5 Mamba 3 ] 45 25 #)
Fig. 5 Network structure of Mamba block

TE 223 Mamba B E A B S, 68085 % FH 42 )R
SER AR, XHP ST RS, MRS K
BER A R e B (B, 32), HATIREEMET5
22
1.4.3 MMoE

ZATS 22, ARGy 1 E H i o LR R
TIE I 7 85 2 Ry A AT 55 80 8 A ST 43 S S IR A 4
Bl R, xXPp I Oy G 5 R AR S v
5 TOTRRIEXTIE RS A 15, HITREXS 5 — 155
T, A, AR AER 5] AT MMoOE,
A I B AL FE AT 55 (R S8 R 36 015 B S B 5 5y
SHFE . AR 6 fif /R, MMoE # R il
S ILEANIRZEML, TiRA —4R)ZEM%, &
MIRIZMEIPEFRN TR AR T, BALHK
HBAE AT 45




Vol. 8, No. 4

VPO FET AR FO6IE B0 6 FOR & /KR ANEEZ MaMoNet A6 4 4 119

FC
ReLU
[ mc |

©) i
= I

——> nE

B 6 MMOoE 3k 1 % 25 #
Fig. 6 Network structure of MMoE block

ReLU

MMOoE 25 #4322 & ZIR G A8 (Mixture-of-Ex-
perts, MoE) DA K3 4F >R 42 H 59 MoE JZ B ) & °,
JE R MoE BRI ] 7R /AL (8),

E=Yg(a) fla) (8)

L ER B i f(a)(i=
I, »,on) BoRE DL RMWEMW D,
Z::]g(a)i =1; g(a) FRTTEMEXHE LK
PYRCEE , B L A ST A T BOE A, ¢
TR L RNA R NAE— RN, B
R E, TG AR A AL KW
e 28 R TR T 5 T B IR

FEDLIEAE 1, MMOE b & AMME 5 k@ 17—
AP TR W 4% b, AR kAT S5 i B SRR
2~ (9) M (10) Fis.

E =1 (f"a)) (9)

fia)= Y ea) fla) (10)

TESLIp, BT KWL a5 R 2 )2
JEJNHL (Multi-Layer Perceptron, MLP) , J{ifi Ff| Re-
LU B0 eRE . BT 55 10 1142 190 45 3 3l % g A\
MEHEAT R B R MR 4, JF 42 A softmax )2, ZE 1
XGRS A, A (11) iR,

g'a)= softmax(nga) (11)

L W, e RCOERIATTYIZRALERERE; n
KRR dORHIEAER . WA IR S
)& FIE BN, ABAE Z24E 55 (B SEBL T 20 1R
TEILE SRR, KRIRRRAR T4 55 vh 2 XU

P25 3k MMOE FHE AR 5L 55, B RefiE gk
53 3% AKE I A 55 T Sk vh R AT R S50 . RS
15553k i 1 2 eE A, Kl G s MR IE
(B, 16) Witz (B, 1), HAELEEIZEIIA

ReL U i R &, DA s AR A AR LR SRIB RETT .
XA AT 55 Sk e AR R AR AR A LR L, fE
% 3 )2 2T 55 RO A e J2 27, DT[] st i 1335
Ok A5 R RE T 45 2R, S22 A 55 [l E 0 B9
EE 7S

15 ERiEE

AHFGERG R AR 500 A FANGEREARIE 7« 12 2
() L BIREALI 73 N 24 . S e A4E , 3l
RBNNGEEREA 3504 . T UEEEFEAS 504>, Ial4E
FEAR 10049~ A B BRI BEAIL ) 204 K i Al SR Pk 52
M, SR FHBEALA 43 10 R0 7 Uk @ 5 45 . Bk
MhS7 43 5 o AT RN 2 S, &L 10
YRS B0 45 R 1 BB A A8 () e 2P RE VN F6 %
DI S 6 235 S A R T AT AT 42k

Shy 4 TH PEAL A5 i B9 MaMoNet 7E £ oK
FEREEE X 2 A SR BN e, SR
4t PLS Fl 3 Ff Z 4T 55 & AU 22 W 4% (Multi-Task
Convolutional Neural Network, MTCNN) #47H %% .
J T X BIASTE I ik, JE 2k 4 ) A Multi-Task
CNN “" | Multi-CNN “* I MTCNN ' {E R 45 A 4
5o MICTESHRESCTRIN S5, IR S AT
ST RGBS YRR BT R RO R . A kR S
WHEAMR: 1) MaMoNet, Il %kt R AT 5514
Ji1RZ (Mean Squared Error, MSE) Z FlIfE A4t 2k
PREL, RIHBRASE G TS AR A RN 2 5, X SAE
S5 TINAE S5 B SE AT T 0 —fb b2 . ff ] Ad-
amW Ak 28 XF B AU E A7 A4k, 2% > % (Learning
Rate) &0 le™, #it & MM (Batch Size) W H 32,
ARYKEL (Epoch) #7471 100. 2) PLS. KJHPLS
VE AR GE GG A AT X L . DIOGIEE A A
A STSECH AR A, W AR R CE
YIRS ARG 2, DLkt eid s, JR7emitsE
PR TIAEAE . 3) Multi-Task CNN. %A% R ¢
UEBIFE M AL A 27 1 o o 0 v A RGO . H
ik LR AR SRR S oy SO, Hrp s R A
fE3ZGERZPZMALZE, (50 XHME
EEREMN, JESIATEE - e A L
TR RIARE ST, 4) Multi-CNN, i B A
b BRI TR SR B S, ARV S B AE L Ak
2. ARG, K80 BRI SCEk [32]
HATHCHE . 5) MTCNN, ZBHR N T R &
I, RS EILEZALR, RSB A
WA TR 2 A



120 BEAN (FPIESL) Smart Agriculture

Vol. 8, No. 4

LRI L5 (4 6 4 37355 4 Intel (R) Core (TM)
i7-8700CPU@3.20 GHz 3.19 GHz, ##4F %% 4 Win-
dows10 (6417), Fifeih 5 M Python3.8, IREE:>]
HEZE K PyTorch1.10.1,

1.6 M4 MERETE(E

AW G R TP Z2EC (Coefficient of Determi-
nation, R*) . #J #3122 (Root Mean Square Error,
RMSE) . %43 Hlil i 2% (Residual Predictive Devi-
ation, RPD) fEAMAIZEGPENH8PR, TR WA
X (12) ~250 (14). RAEK, RMSEBU)N, BRI
MRy, RPD MK, FOARUEERS, 1Z1khg
LT

N
S pn= )

R=1-20— (12)

RMSE = |- (pu-52) (13)
Nm:l
SD

RPD--RMSE (14)

{b: p, W m MREARRY EKRASAE; p, A
IZFEAS I E KRB 5 p,, 9 FEAS LSS AP 3
{E; NAREARAE SD AR EEA bR

2 HERG5H0
21 SkEEBEMNELR

&7 R T R RAE B BRI 34 5K
RRN-BIAPRAEEE , T LUE Y, B SRR R A 4
HE, TR B KRBT R, FPRLRE BB A8 K
HGiH e R VTR . BIKRE, GKER
19.21%~83.00%, ¥ {H K 56.95%, *Fr ifE 22 K
16.53%; BHEE/MAE1.02~61.25N, H{E M 11.24N,
FrifE2E 71044 N AT LLE Y, PHIHE 4R35 2 900
BRBUESE I, W T FEAAE B B A 3R
LR EES . EAEERE, BRI 0 AR I
g5, WiE 7R, B4 RAER (FLEd 2
SR B RE A (E L AR g2, B — A
CSEEIET MTERSE A SREERT I (B RUE H R
BB B ), AR A B . X — A AR
AT DA E T AR LA ) B B B 1 i JBT i o e i 25
SRR, MR EW, SACRIE IS Y HLAE
MEERZR, mEACRE TR E R, mkEE S
IKERREAR, A EE BRSO e, A,

FRAPRL AL B 5 A BRI ZLAS A R CngeEks
SEAETRAE) A, ANFE B BOX L >
AR X LB EE M e S ek, AT — 255
WP FFRL ) B B R, TR R,
T KET BEANA SRS A BB B LRI, R fif
JE B AT AR AR Ml R U I O R X
TR B 3 AT A e A5 50 R RE A8 A5 e B ot TR R AR i
AR TRPIRZS , O SRR AR AL 1 B B R S 1t T 4=
= HREAEAS 5 S R RE AR AR

80+ -I- S 140

70 _I_ ‘II 135

60 130
= {‘ =
% 50r 125 3=
o) i
N =
40t 20 F
z =
30t 5 5

201 10

10} {-I {5

0 0

1 2 3 4 5 6
KA I3

B7 RERARR N B KA T 34k R AR 3 A AL
Fig. 7 Dynamic variation of average MC and hardness of corn
kernels at different sampling periods
F1 EXRERARSHSEITHE
Table 1 Statistical characteristics of quality parameters of

corn samples

RS e/ MA S FNE] ¥ PRl 2
IR Y% 19.21 83 56.95 16.53
il /N 1.02 61.25 11.24 10.44
2.2 LS
221 FEMELEMEXNLE LI

R AT R B TR ARG (R 5 B2
eI ) — FORBEATEAR R AL AT, 20 R
B TCRM AR BOLTE ph AT X L, nlEl 8
Ji7s o ATRAA Y, B 50 R KRR G iR
SIA T WL R L, AR SRR B
SR EAHEL T R MRS R AE T R, T
720~1 100 nm 3¢ BEIE A, 417 4 D' 3 48 A o 1
T ICAOLHE, mAE Al WOEE B (400~720 nm)
TN, P Z e 22 5 I 2, SR Be iy )
Ui E 3 A A A T BRI o [RINE ] RIS R, AR
ZLAMBETH 1 B TR I (29700 nm), PIARIIER Y



Vol. 8, No. 4

VPO FET AR FO6IE B0 6 FOR & /KR ANEEZ MaMoNet A6 4 4 121

LIRS A, RIEMAE N A=
AR T OCAERE fh TR AR It A S A RO R A, il
Ao RFRL SO 1 R E A 5 R R R b 52 2 B i i
i, AN B T B A B AR D
PIREREY], M XRS5 HA B
TR, e BRI D B 5 B AR A K
JiEIE 2E 5, X 5 A A ALK o K A A Al )
AGE A S 2 B HUN ROV A 5. Wi, 7
AL 2R AF T BRI R S P R A& T8
SR ER AR R, T AHTSE AR RIS gL it
e TR AR SEBRASI T 00T A B B AL, At

X ST F18) 52 W) 5 R PR g N AR A, N B i A
A RE
5><104 ‘ ‘
S
—— K
4t
3,
s
=2
2,
1_
0 ; ; : ; ;
400 500 600 700 800 900 1000 1100
A /nm
HY dfrartE et 2 RFARAEARMNZLE T o9 kigw
2 45 b

Fig. 8 Comparison of spectral curves of the same corn sample

with and without husk at the same measurement position

222 HEMEXRERLILHH

& 9 7R T 7E 400~1 100 nm 7 B 4 4R 4E 15
SR TN L e o/ R 10 5- 111> R 5 s 3 DG D A B % 8
B, WH 6N ARRFER (Period 1—6) 19°F
B, BACRE, Wil 1A SR e, Gl
2 FHEAE 3 72 S B R B, I A 4 1R
SRR B R I . X AR — IS A DR PR R A AR AR L
A . BOE, GUR-ZEI A B LA A e T Ok
TERE G RIS R AR K I ORI 1Y
PRIGE T (AniE 1) FrEeI s i )6 72 07 1 5
F S AR /b DRG0 38 ) 5 S o B e e . L
W, TIE 3R T REELF N (600 um), Hok
WA AR R, FE—@ R Lkah T HB R M-
PROFE RS, i H AP S S oi i @ i 2 (400 pm)
YL )R, R 4 FRE R TR RDGA R

2, (HILIE - HEEE B i, Bk izl i e 7
PR A, TEREMINTRE T T 3 2 By o
Z2UCHURT, DT SOCHAG I 21) Fr) B2 55 58 P35 A A1 o

AN, BT EIX (500~675 nm) A DL 2 |
BEN R, TERT 4 A RAERHY, &0 065
Z P EERER R, SR SR R S o 5 i
55, MAEE P REERT I, 610~670 nm % Bt P9 19
SERR A T . X TR TR A R ORI,
Ul e e o7 3t 1 NNV RN O EA ) il
WEOCHIR I, B8R T XSO R AT P X —
A, 55 S0 e SR AE B B B 0 A 1Y) S o ¢
SERAMAT

WL 9 Hh AT B A A B OGER 2 (900~
1 040 nm) , Sk SR 22, i 4 4R K
H, JETETEZY 962 nm BHE I HEL T 1A B Il
FRAE CGRREENREMPE ), Wi )s m a8, IRk
GRS, MEEAE TR, X —HE R
R EANERAE G R KRB TR, R
KEEL, ARk & e, F30962 nm i
(R SRR Sy 82, AT G 8 A D T B 5 i
EAPRLEET T, KWV E RS, SRR
W Z AP . I HX — R AE7E R B ORI H e 1
SRAE PSR, RIS R IR A (A HE B I
REBNPPDCF SRS THEZ 5 FKRAFRA K
S EAE G GME B . XA AR LA 5 oK TR
BCAGE AR OK o B U AR -, B
QIAO &5 7 (RS 45 R ARAT, 962 nm &b 1M 3=
B K53 Bl KA A P48 46 Hh O-H JE A 1) — iz 4
WA G

T AR E R Z GG (Intensity) %K
P, MTARZE bR W TR, DRI BT A i 4R s 2
FE b FEAS [ BE T B ARG SR S B AR Ak, (BT BE
R S SFHRRAE B2 Wy BRAL 24 TR A AR AL

2.3 NEEEZE R XTIk

SESERTNLE RS
2K E T A B RLAE R ORFFRL B K S A
WAESS ErEReR M. Hrh, PLSHYR'. RMSEHI
RPD 7354 0.86. 6.75%. 2.64 (F/AKFHMW) 5
0.78. 5.54 N, 2.12 (ffifE#I ), Multi-Task CNN
FE R R*. RMSE F1 RPD 43 %l 4 0.69. 9.88%.
1.79 (F/KEMWM) 50.62. 6.97 N, 1.63 (i
), Multi-CNN #%  f R* . RMSE #1 RPD 4351 &
0.80. 7.85%. 2.26 (F/KFEMM) 50.69. 633N,

2.3.1



122 BB (FIHESL) Smart Agriculture

Vol. 8, No. 4

x10*

—— REERI I
- = REER

PR
= RPERS 6

400 500 600 700 800 900 1000 1100
#A/nm

a RS RS
x10*

KAERTI
= = SRREH Y12
4 KRR 13

i 3414

SRAEI 1S
- RPERTI6

0
900 920 940 960 980 1000 1020 1040

400 500 600 700 800 900 1000 1100
#A/nm

c. RELEI G ML

x10*

— RN

- = RAEED
K 313

5

=== SRR 4
— KREI IS
3| == REERI6

0
400 500 600 700 800 900 1000 1100
#K/nm

b. R4 E 2RI

3000

— KA Y1
= = REER2

— RFEI IS
- = REErtHie

0
900 920 940 960 950 1000 1020 1040

400 500 600 700 800 900 1000 1100
WK /nm

d. REE4REWE

B9 6/ FAERT R KAL) B & CRE S 1~REE4)

Fig. 9 Average spectral curves of corn samples at six sampling periods (collection points 1~4)

1.79 (f% & i ) , MTCNN 5% () R*. RMSE #
RPD 4354 0.87. 6.56%. 2.76 (&F/KFEHM) 5
0.76. 6.13 N, 2.02 (REEETI) ., MHILZ T, A
T3 H 19 MaMoNet #5% 87 [F] A5 5 | A 2L F Mamba 1Y)
Z R BTRESEE, IFi8 1 MMoE ST AN [F] 4T
S5 HEATHRRAE A GE N Ay BCSS , SEBL T de p i T
fie. A% T PLS. Multi-Task CNN . Multi-CNN #I
MTCNN #7  FH & ACR I R4 0.91, 4354 T+
T 5.81%. 31.88%. 13.75% #14.60%, RMSE (&
KRB ) N 4.98%, 4r B EAR T 26.22%.
49.60% . 36.56% £ 24.09%, RPD (& K F W)
9 3.40, 43R E T 28.79%. 89.94%. 50.44% FiI
23.19%; 6 B W R N 0.89, 4 B4R TE T
14.10% . 43.55%. 28.99% 1 17.11%, RMSE (ff
FEFM) h3.46 N, 73 5IFEK T 37.55% . 50.36%.
45.34% F143.56%, RPD (HfFEHiM ) 4 3.06, 43
SRS T 44.34% . 87.73%. 70.95% F151.49%.
ST L ], MaMoNet #5575 f4 T 1 g A0
T ey, PR HE TR WS : 1) £
L5720, R S5 AR A E AR R A A 5 OCTE
HRR 2R, WS B2 S i T 55 A4y
fiE 55 4, 7 PR i B8 BB . MaMoNet filt &5 1

F2 AEEBEERSKESEETN PSR
Table 2 Comparison of prediction performance of different

models for corn MC and hardness

WA R bR
Foi FkR fifi iz
R* RMSE/% RPD R* RMSE/N RPD
PLS 086  6.75 2.64  0.78 554 212

Multi-Task CNN  0.69 9.88 1.79  0.62 6.97 1.63
Multi-CNN  0.80 7.85 226  0.69 6.33 1.79
MTCNN 0.87 6.56 2.76  0.76 6.13 2.02
MaMoNet 0.91 4.98 340  0.89 3.46 3.06

MMOoE ML, 3 A 55 5 5 A A 145 0 25 % M 2
TEHEAT F 3 W MALSTAE , (AR RE A% £ KRR & 7K
22 55 Rl B F50I0 AT 55 4 ol O 5 T BB 0 O B RRAE
23], DN 7R S IR 2 22 iy [ B A R 2 fip A1 55 [
T, PR REARTIAE B Sz ke 1. 2) EFxG
TR HLAT U B SR . KRR A O A R
&, MaMoNet 7£ ¢ fiE $2 B BE 51 A Mamba £ 3
BT RS A VAL, RE S = 8 2 i
Bifi 5 B AR AR R RO G R, M LU AR S TGS A FE
HAL A SR F R SO AR, IR IMEEAR SR
G IR SRR | XY Vet S INTE 3 QR L= S |




Vol. 8, No. 4

VPO FET AR FO6IE B0 6 FOR & /KR ANEEZ MaMoNet A6 4 4 123

NG VE B TR Z OIS AR . A LU AL GE s AR 4
¥, MaMoNet s il Mamba #3k , GE#E LB & 401
AR 725 TR AL T A B2 ' i i 2 B A8 A 1 R Al G
R, IFEABRFEA AT N ORI A AR E PR, AT
ARAF T HLF 5 7 TR 2 C s AR
2.3.2 REIHN M BE AT ARAL 23 #

10 JE/< T MaMoNet 78 £ K A7 AL 5 7K 36 5 fif

80F 7

R*=091 oo ok,

RMSE =4.98% = o °

70F  RPD=3.40 LN~ e BN
.

60F o

50

TR/ %

40}

"
L) SRSV

20 30 40 50 60 70 80
HEAH/ %

a. AR R IR A E B

JE TR0 55 v ) T AR o A R . IR A R ok
&, BAREPIAME S LY EA R PIARE S . H
H1, MaMoNet 15 71 75 T K AFRE 5 7K 2R 5 8 B 330
1555 E 09 R4y 4 0.91 #10.89, RPD{EH 4 KT 3,
FEHAAHOIORG B g, i L R ettt S
ZAkfE .

R*=0.89
RMSE =3.46 N
RPD =3.06

0 10 20 30 40 50 60
FAHE/N

b. AL TR 5 B

B 10 ERA/RE 5N S E

Fig. 10 Scatter plots of predicted versus measured values for corn MC and hardness

HAREERE, S7KRTATE 55 0 R IR
THEEE SN, X AR S OGIEE S W Y USRI 25
B, KR L ANX (FRHE 962 nm [ L) H
A A SRR, R I G AR R T S AT T
T B A —FP g S W BRI, S AR SS M B0
YA RE B 5 LA R T & A 2 I, ik
N HEON R 2%, SRR EERAR. teAh, AL
B AFFE— E AR W55 T R Z 0SS, ik
TRUTEAR T 258 8 IR Z RS, Xt —22 %
IE'T MaMoNet £ &2 Z2FE i S50 B r &t

SRS, SCH 45 5050 0 UE T MaMoNet %
RULE AT A1 B K ETE 24T 55 T Hh (A8 R 5 A
Mo AR A SR T 5 7K R A T 0 AR b
[R5 ks FE TR, RISt o 2 ol i i (AL
HRRZOUEALWEY) Seis B R it T — M
A 5B

2.4 HBhSCIS

05— 2 0 UF MaMoNet 4 6 55 88 He o 1 80
REm Rk . ARBFIEEEHE T IR, 4B
Mamba 1 5 15 MMoE i He X T e Ar 2 2k ¢ 5l
B RERI B, SER0 RN 3 IR . Y
T4 Mamba 15 MMoE #5478 £ £ /K % ATl
RIS | BOMERERLAIE, 2 I ERASS MR L 75

FAENIE(E B o AU A Mamba B 5, BERIPEGE
WEERTE, UL LR A SIS I I B AR 1Y)
KR C R, BERFFIERIABE ST . (5] A MMoE
RIHIR AT — e PR LG T pe, RAMESSH
SEALFHIE S A Bl T2 2 A 55 M R IR se s Y
PP [R]F 5 ) KR, AR S P A 55 b 3 R
SR rERE, BUE T Mamba 78 42 5 6 ik A 1E 22 AR
5 MMOoE 7 241 55 F-AF F 38 W 43 Be 7 1 9 B A,
AT S S R T T AR () S AR T P R

3 & #

B 5 X A R KA A R i A 2 A
SHHIE, $2H T —F T Mamba 5 MMOoE ) 21T
55 1 TN A 7 MaMoNet, 12 4% 753 i 22 38 18 25
(5] 73 FF GG R AR AT A 8 T B BT i S R Ik g
J1, TERCHERE 125G R AR B B . R AR AR A
SRS R ACRRE S BE, SEEL TRk KR S b
[ R 2 . SE G 25 SR B, MaMoNet 78 7% 7K %
I B 0T 55 vh B PR RE Y B L T 2 e G 24T
F AR MG R T HAE R e G R e i
15 ZAT 55 U a2 2T i A 3 . IRl 56 ik — 25
IOE T ARSI T A& B . Mamba B AT BY T
5 A O 1 Bl D B A AR 4 R MR AR AE L T
MMOoE #Liil R 7 Z AT 55 st B SL AL R E 1Y B



124 BEAN (FPIESL) Smart Agriculture Vol. 8, No. 4
%3 MaMoNet &% i# g 5216
Table 3 Ablation experiment results of the MaMoNet model
R AR TKE T e
Mamba MMoE R RMSE/% RPD R RMSE/N RPD
x x 0.75 8.30 2.01 0.73 5.53 1.91
N x 0.89 5.46 3.07 0.86 3.98 2.66
x N 0.85 6.43 2.59 0.80 4.73 2.24
N N 0.91 498 3.40 0.89 3.46 3.06
Ve xR AR, VIR M
WERAEC, M RAT 55 (8] B AE T30 37458 T a4 [J]. Infrared Physics & Technology, 2022, 125: 104279. o
. . [11] WANG Z L, ZHANG Y F, FAN S X, et al. Determination of

Tﬁ()ﬂﬂ%m‘@o moisture content of single maize seed by using long-wave near-

é,%% s Fﬁ, J\LR , F)?j:/"\% Hj E"J MaMoNet *ﬁ i /—E\E @gﬁ—:ﬁ 1nfrarf:d hyperspgctral imaging (LWNIR) coupled with UVE-SPA.
combination variable selection method[J]. IEEE Access, 2020, 8:
> 22 R o N

R 5 PS4 i LA O RO L 195229105239 -

N NI =} pMLY A S EE S pu [12] WANG Z L, FAN S X, WU J Z, et al. Application of long-wave
@ﬁijé n”}/ﬁ E/J H%E N %:‘Fﬂ *ﬁﬂﬂu?ﬁ{/ N T ﬁlﬁé& E/J near infrared hyperspectral imaging for determination of moisture
%ﬁjﬁ‘% R ﬂi;’éﬁﬂl%ﬂﬁ#ﬂ}gﬁ% g*ﬁ?&ﬁi%% E Jllay content of single maize seed[J]. Spectrochimica Acta Part A, Mo-

oz N e . e o lecular and Biomolecular Spectroscopy, 2021, 254: 119666.
Beg2], DMRTHBIRITE AR R AP . A [E] BB B M [13] WANG Z L, L1 J B, ZHANG C, et al. Development of a general
S K B s IS AL Bk prediction model of moisture content in maize seeds based on
%I}mm{lj% R‘T E/J(Z’pﬁﬁh ° LW-NIR hyperspectral imaging[J]. Agriculture, 2023, 13(2): 359.

e v e o — — [14] VAUDELLE F, L'HUILLIER J P, ASKOURA M L. Light source
5‘%I.Iﬁﬁl KA Hﬁ - Zliﬁ}f ﬁmﬁ?’fﬁﬂ: ﬁ%‘ U&E /L\\ﬂ: distribution and scattering phase function influence light trans-
29 b e bR 2% wh o port in diffuse multi-layered media[J]. Optics Communications,

B MARAT R 5 0 2 2017,392: 268-281.

[15] XUE H, XU X P, YANG Y, et al. Rapid and non-destructive pre-
diction of moisture content in maize seeds using hyperspectral im-

BHECHR . aging[J]. Sensors, 2024, 24(6): 1855.

16] DAN S J. NIR t igin identification fi -

[1] CUIL, WANG X, ZHANG D, et al. Effects of irradiation on the [16] SPeciroscopy oranges orgin |dentiication frame

. T . . work based on machine learning[C]// International Journal on Se-
quality of fresh waxy corn[J]. Radiation Physics and Chemistry, mantic Web & Information Systems. New York, USA: ACM
2024, 216: 111468. 2022: 1-16 ’ ’

—+ e By s 3 Sz RS o) <y : :

(2] E?‘"“E\Ei 9?%1(4%;3;@%, o ;%‘T]&ﬁ&h‘mﬁ oI K [17] SILVA MEDEIROS M LDA, CRUZ-TIRADO J P, LIMA A F, et
BEERERER V). B AL (T, 2025, 7(4): 132'140' al. Assessment oil composition and species discrimination of
XUE.Z C, ZHANG Y L, ZHANG T X, 'et al. Detection of amy- Brassicas seeds based on hyperspectral imaging and portable near
lose in fresh corn cars based on near-infrared spectroscopy[J]. infrared (NIR) spectroscopy tools and chemometrics[J]. Journal
Smart Agriculture, 2025, 7(4): 132-140. of Food Composition and Analysis, 2022, 107: 104403.

[3] LIUSY, ZHOU X Y, WANG Y X, et al. Storage temperature af- [18] SITORUS A, PAMBUDI S, BOODNON W, et al. Near-infrared
fects metabolism of sweet corn[J]. Postharvest Biology and Tech- spectroscopy with machine learning for classifying and quantify-
nology, 2025, 219: 113232. ing nutmeg adulteration[J]. Analytical Letters, 2024, 57(2):

[4] WANG H, LIU J S, MIN W H, et al. Changes of moisture distri- 285-306.
bution anq migrat.ion in fresh ear corn during storage[J]. Journal [19] ZHANG X L, YANG J, LIN T, et al. Food and agro-product quali-
of Integrative Agriculture, 2019, 18(11):. 264""2651- ty evaluation based on spectroscopy and deep learning: A review

[5] LIXN,LUGH, CHEN ] J, et al. Identification and cluster analy- [J]. Trends in Food Science & Technology, 2021, 112: 431-441.
sis of sweet corn based on grain textural properties[J]. Journal of [20] J5ICEE, ZEAR M, BRAE L TIR A 3D-2D CNN (1) £ I AH 3% J
Plant Sciences, 2020, 8(5): 177. ) LA IR0, 4l T AR 224, 2021, 37(13): 142-151.

[6] ASSADZADEH S, WALKER C, MCDONALD L’ et al. Mult}- LU Y B, LI H P, ZHANG S Q. Multi-temporal remote sensing
task.deep .learmpg‘ of near infrared spectra for improved grain based crop classification using a hybrid 3D-2D CNN model[J].
quality trait predictions[J]. Journal of Near Infrared Spectroscopy, Transactions of the Chinese Society of Agricultural Engineering,
2020, 28(5): 275-286. _ ) 2021, 37(13): 142-151.

[7] YANG J, GUAN H O, MA X D, et al. Rapid detection of corn [21] CHEN Z, ZHOU R G, REN P J. Spectraformer: Deep learning
moisture content based on improved ICEEMDAN algorithm com- model for grain spectral qualitative analysis based on transformer
bined with TCN-BiGRU model[J]. Food Chemistry, 2025, 465(Pt structure[J]. RSC Advances, 2024, 14(12): 8053-8066.

2): 142133. [22] ZHU F, SHI C P, SHI K J, et al. Joint classification of hyperspec-

[8] YANGY, WANG S Q, ZHANG G, et al. GA-OMTL: Genetic al- tral and LiDAR data using hierarchical multimodal feature aggre-
gorithm optimization for multi-task neural architecture search in gation-based multihead axial attention transformer[J]. IEEE
NIR spectroscopy[J]. Expert Systems with Applications, 2025, Transactions on Geoscience and Remote Sensing, 2025, 63:
290: 128517. 5503817.

[9] ZHENGRY, JIAY Y, ULLAGADDI C, et al. Optimizing feature [23] ZVL, ZETAF, Kok 7 . 3T 2 RS IR A6 £ Mamba % 45 19 &
selection with gradient boosting machines in PLS regression for Y63 Al LIDAR BX 45 43 25 [J/OL]. i+ HL T #E, 2025. [2025-12-
predicting moisture and protein in multi-country corn kernels via 20]. https://doi.org/10.19678/j.issn.1000-3428.0252458.

NIR spectroscopy[J]. Food Chemistry, 2024, 456: 140062. WU J, L1 Z Q, ZHANG Y H. Joint hyperspectral and LiDAR

[10] ZHANG L, ZHANG Q, WU J Z, et al. Moisture detection of sin- classification based on multiscale hybrid convolutional mamba

gle corn seed based on hyperspectral imaging and deep learning

networks[J/OL]. Computer Engineering, 2025. [2025-12-20].



Vol. 8, No. 4 VPO FET AR FO6IE B0 6 FOR & /KR ANEEZ MaMoNet A6 4 4 125

https://doi.org/10.19678/j.issn.1000-3428.0252458. [31] HUH Q,MEIY L, WEI Y P, et al. Chemical composition predic-

[24] KECELI A S, KAYA A, CATAL C, et al. Deep learning-based tion in Goji (Lycium barbarum) using hyperspectral imaging and
multi-task prediction system for plant disease and species detec- multi-task IDCNN with attention mechanism[J]. LWT, 2024,
tion[J]. Ecological Informatics, 2022, 69: 101679. 204: 116436.

[25] SHI L, ZHANG Z T, YANG Y, et al. A method for food origin [32] CHENG J H, SUN J, YAO K S, et al. Multi-task convolutional
identification and ingredient content prediction based on S-trans- neural network for simultaneous monitoring of lipid and protein
form and multi-task deep learning[J]. Journal of Food Composi- oxidative damage in frozen-thawed pork using hyperspectral im-
tion and Analysis, 2025, 147: 108123. aging[J]. Meat Science, 2023, 201: 109196.

[26] LIU M X, ZHANG J, ADELI E, et al. Deep multi-task multi- [33] HE MY, JIN C, LI C, et al. Simultaneous determination of pig-
channel learning for joint classification and regression of brain ments of spinach (Spinacia oleracea L.) leaf for quality inspec-
status[C]// Medical Image Computing and Computer Assisted In- tion using hyperspectral imaging and multi-task deep learning re-
tervention — MICCAI 2017. Cham, Germany: Springer, 2017: gression approaches[J]. Food Chemistry, 2024, 22: 101481.

3-11. [34] QIAO M M, XIA G Y, CUIT, et al. Effect of moisture, protein,

[27] NIW Z, WANG T, WU Y, et al. Multi-task deep learning model starch, soluble sugar contents and microstructure on mechanical
for quantitative volatile organic compounds analysis by feature properties of maize kernels[J]. Food Chemistry, 2022, 379:
fusion of electronic nose sensing[J]. Sensors and Actuators B: 132147.

Chemical, 2024, 417: 136206. [35] NAKASHIMA S, YAMAKITA E. In situ visible spectroscopic

[28] GU A, DAO T. Mamba: Linear-time sequence modeling with se- daily monitoring of senescence of Japanese maple (Acer palma-
lective state spaces[PP/OL]. arXiv: 2312.00752, 2023. tum) leaves[J]. Life, 2023, 13(10): 2030.

[29] MAJ Q, ZHAO Z, YI X Y, et al. Modeling task relationships in [36] QIAOM M, XU Y, XIA G Y, et al. Determination of hardness for
multi-task learning with multi-gate mixture-of-experts[C]// Pro- maize kernels based on hyperspectral imaging[J]. Food Chemis-
ceedings of the 24th ACM SIGKDD International Conference on try, 2022, 366: 130559.

Knowledge Discovery & Data Mining. New York, USA: ACM, [37] QIAOM M, XIA G Y, XU Y, et al. Generic prediction model of
2018: 1930-1939. moisture content for maize kernels by combing spectral and color

[30] SHAZEER N, MIRHOSEINI A, MAZIARZ K, et al. Outrageous- data through hyperspectral imaging[J]. Vibrational Spectroscopy,

ly large neural networks: The sparsely-gated mixture-of-experts 2024, 131: 103663.

layer[PP/OL]. arXiv: 1701.06538, 2017.

MaMoNet-Based Detection Model for Moisture Content and
Hardness of Fresh Corn Using Spatially Resolved Spectroscopy

XU Min', ZHAO Xin', CHEN Yanping’, ZHU Qibing', HUANG Min"

(1. Key Laboratory of Advanced Process Control for Light Industry (Ministry of Education), Jiangnan University, Wuxi
214122, China; 2. Institute of Food Crops, Jiangsu Academy of Agricultural Sciences, Nanjing 210014, China)

Abstract: [Objective] Moisture content and kernel hardness are key indicators for evaluating the eating quality and harvest maturity of
fresh corn. Accurate and simultaneous prediction of the two parameters is essential for quality grading and post-harvest management.
However, conventional near-infrared spectroscopy (NIRS) methods are mostly based on single-point measurements, which are easily
affected by husk shielding and kernel heterogeneity, resulting in limited prediction accuracy, especially for multi-attribute estimation.
Spatially resolved spectroscopy, by acquiring spectral information from multiple measurement channels, can better reflect internal
quality differences of corn kernels. Nevertheless, the high dimensionality and strong correlation of spatially resolved spectral data, to-
gether with the heterogeneity between different prediction tasks, pose significant challenges to traditional modeling approaches. There-
fore, the purpose of this research was to develop an effective multi-task prediction model that can fully exploit spatially resolved spec-
tral information while balancing feature sharing and task specificity for moisture content and kernel hardness prediction in husked
fresh corn. [Methods] Husk-on fresh corn samples were collected across different maturity stages to ensure sufficient variability in
moisture content and kernel hardness. A multi-channel visible-near infrared spatially resolved spectroscopy system was constructed to
acquire spectral signals from four spatial measurement channels at different source-detector distances. Each corn ear was segmented
into multiple positions, and spectral data were collected from different spatial locations to comprehensively capture internal quality in-
formation. In total, 500 valid spectral samples were obtained and randomly divided into training, validation, and test sets at a ratio of 7:
1:2. Before modeling, the raw spectral data were preprocessed using z-score standardization to eliminate scale differences among chan-
nels and wavelengths and to improve numerical stability during training. The proposed MaMoNet (Mamba-MMoE Network) model is
composed of three main modules: a one-dimensional convolutional neural network (1D-CNN) for local feature extraction, a Mamba-
based sequence modeling module for global dependency learning, and a Multi-gate Mixture-of-Experts (MMoE) module for task-
adaptive feature allocation. First, the ID-CNN module was employed to extract low-level local spectral patterns and reduce feature re-
dundancy. The input spectral data were processed by two successive one-dimensional convolutional layers and down sampling was
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then applied to compress the spectral length, resulting in a more compact representation and reducing the computational burden for
subsequent sequence modeling. Next, the compressed spectral features were fed into the Mamba module to capture long-range depen-
dencies along the spectral dimension. Mamba is a selective state space model that enables efficient modeling of long spectral sequenc-
es by dynamically updating hidden states, allowing global spectral evolution patterns to be effectively learned with linear computation-
al complexity. Finally, the output features of the Mamba module were input into an MMoE module to support multi-task learning of
moisture content and kernel hardness. Multiple expert networks were shared across tasks, and task-specific gating networks were used
to adaptively weight expert outputs, enabling flexible feature sharing and task-specific representation learning. The task-specific fea-
tures were then passed to individual regression heads to generate the final predictions for moisture content and kernel hardness. To
comprehensively evaluate the effectiveness of the proposed approach, MaMoNet was compared with several representative multi-task
convolutional neural network models. In addition, ablation experiments were conducted by selectively removing the Mamba module
or the MMoE module to analyze their individual contributions to overall performance. [Results and Discussions] Experimental results
demonstrated that the proposed MaMoNet model consistently outperformed all comparison models on the test set for both prediction
tasks. For moisture content prediction, MaMoNet achieved a coefficient of determination (R®) of 0.91, a root mean square error
(RMSE) of 4.98%, and a residual predictive deviation (RPD) of 3.40, indicating excellent predictive accuracy and robustness. For ker-
nel hardness prediction, the corresponding R>, RMSE, and RPD values reached 0.89, 3.46 N, and 3.06, respectively, which also sur-
passed those of the benchmark models. The ablation study further verified the rationality of the proposed model design. Removing
both the Mamba and MMoE modules resulted in the poorest performance, whereas introducing either module individually led to no-
ticeable improvements. The best prediction results were achieved when both modules were jointly employed, indicating that their com-
bination was critical for achieving optimal multi-task prediction performance. These results indicated that moisture content and kernel
hardness, although correlated, emphasize different spectral characteristics. The flexible feature-sharing mechanism enabled by MMoE
allows the model to balance information sharing and task specificity, while the Mamba module ensures effective utilization of long-
range spectral information. Together, they contribute to improved generalization performance under limited sample conditions. [Con-
clusions] This study proposes a MaMoNet model that integrates Mamba-based state space modeling with an MMoE-based multi-task
learning strategy for simultaneous prediction of moisture content and kernel hardness in husked fresh corn using spatially resolved
spectroscopy. The proposed approach effectively overcomes the limitations of conventional single-point spectral analysis and rigid pa-
rameter-sharing multi-task models. Experimental comparisons and ablation analyses confirm that MaMoNet achieves improved accu-
racy, robustness, and generalization capability. The results demonstrate the potential of the proposed framework for rapid and non-de-
structive quality assessment of fresh corn and provide useful methodological insights for multi-attribute prediction based on high-di-
mensional spectral data.
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