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Abstract: Grains, as the cornerstone of the global food supply, require quality inspection that is crucial for
ensuring food safety and improving production efficiency. Traditional laboratory methods, while accurate, are

time-consuming and costly, making them unsuitable for online, real-time monitoring. Near-infrared (NIR)
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spectroscopy, with its advantages of rapid, non-destructive, and multi-component simultaneous detection, has
been widely applied in grain quality inspection. However, the high dimensionality, complexity of NIR
spectral data, and variations among different instruments, environments, and samples pose challenges to
modeling methods and model transfer. This review summarizes the application of NIR spectroscopy in online
grain quality inspection, systematically outlining the development from traditional linear modeling (e.g.,
partial least squares regression), nonlinear modeling (e.g., support vector machines, artificial neural networks)
to deep learning methods (e.g., convolutional neural networks). It focuses on the strategies, challenges, and
latest advances of model transfer techniques in addressing issues such as instrument differences,
environmental changes, and sample diversity, including calibration transfer with and without standards.
Furthermore, this review summarizes the challenges, experiences, and future research directions in practical
industrial applications, aiming to provide references for the widespread application of NIR technology in the
grain industry.

Key words. near-infrared spectroscopy; grain quality, online detection; chemometrics; calibration transfer;

deep learning.

AW R B A, S B AR
W) £ 2 A . E SR E SO TR RIS ER
A2 204! (Food and agriculture organization of the
United Nations, FAO) %iil, 2024 fE&ERAY 4
FEE I 28 12 t, SEAIITR S HEEN, 1L
SR, Wk TR T, EOAR G R
i, (AFERT . BUA R, HAFBORREM, MELLE
N BAR T XA . Semt M ae ok . filan, 4
YK oy & i 0AE G 8 7 BU NN, T AR B A
DA 5 2 00 R el 45 A o xRy B AE B T
PRI Te ARG I AR BT 5T 5 0

4T Ah ( Near-infrared, NIR ) YGigdi A K H
11,373 vE 1 NI =g TN [ P2 K o S W KA
st RS B f 3% 7 o NIR I 780~2 500 nm i
Kk, Tt (i 0—H. C—H. N—H)
PRSI, AT FEBCES N TR K 43 . SR, K
SRR R, BRI, NIR GRS B AT 4
KLY ZE ITEE, AN Osborne S5 7E 5 s NI GE /N
KAy, REMET 0.5%0), BbAh, NIR JGHkE
s AL A B, AR A E R, R
M, FEAY e, NIR 5T I PEAR -
DTSR 1) = 4 5 2 Ve ) 2 AN . BN o 22
S, Tl serh e T . IR3h SR i I
Bt 2 R AR IDRG B0,

AR LR R AL NIR FORTEA W) it B e LA il v

MIREHT, RGBT . BT R AR X
Tl ek, B A A SR RN RS2
AR, &5 1 35 NIR 728 9K 5y . B R
SEFEBRAGIN i N ZE ) 5 5 2 TR AR R
AL GE B 1 7 vk BNR 2 ) D vt 5 38 3
ST R SR, A DA PR 22 S [ A
55 4 TS Tl H 0 S BR Bk A X
555 WA I, SR IS Tl
4.0 FhA I EEL
1 ELISMEARESR MmN A AR A IR

ILLAMGIEE AR AR | et . Sk
VLI ZAARRIL A i R A, RO AR IR 5
AWy SAGI EETTE ZdAR T T
KAy AR, KAy, VERSEYE . BRI Ko AE
T, LS SRR R A R AR I E o AT
LA 28 NIR AR A Pyker U v i) B 1 FH 45t
S, I I S AN s AR, Rl EE R )
TELAGIN 28 598 1) 1o FH S0 B G e 1 il 2 A 3
11 KoEEKRN

gt T MK A FERHE , A B , 10 NIR
Fi AR TR N SEEL TR . 4, Osborne
SEAF NIR BRI /N A K o i, A6 D s [R] A
5s, 2T 0.5%P!, Lin 2528 NIR ¥ TR4
JRAR KSR LA, 22 ( Root mean square
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error, RMSE) 0.52%, #& &% (R*) 4 0.97,
K@ 7R,

SCH . Porep ZFHIMFFT TEANHGIA T NIR 7E4k
RGAE TR TR B i 8 ™, 7E— 102 i
TZFIH, NIR REWCLERA T RS LI,
PR 2 s — WP, S R ORI K
MR 2 HITE 0.2% AN L ST BRI R,
ZARGA R E B AREE (29 950~1 650 nm ) 1)
ELLAMNGIE, 456 hfe/N A HBARY, SEHl T
R BEAK AT . AESEBRAE R, R GE i R
Bt O AL T A T B ARt R, RE TR T RERR R T
10%, [FIFFEf AR T R ORI 7K 4 & 2 55 A i T AR
(I 13%~15% )o 3k — I i H& T 177 BT
WERUETE, IRk Sk T R HE I 2B R
12 EARESENE

NIR HARYESR AR PR, 75
ZESR FH NIR X /N22 86 1 B EA TR Aaril , Fo0i 4
i H+0.3%, KEMETREY 3 P, AR B e M
BRI A e R, AR T T A A%
RN T N THAE R B T B e

Sefl . Maertens 25 (IRF5E AU NIR 764
Bl R e/ AR & R R A, 78
SRR A Tl i SE bR Y, i RS
REVNEZINT A4 &, a3 s — R4,
S E N A2 BT, TOIORS BE A F
+0.3%. BFFEPHE L, RGCRME DGR HEOR,
Sia A E A, RS A P R 4R
PERSE I 25 3R . SEBR R RO R, 7= 5
H—HERTE T 15%, FERSS A sl
S, S TR S IR R fe AR R
FRERE . X — AL T A TR A S
B E AT IR 2SI E kD BT i B R Al T
LT 2y 10% 1938 8 A o
1.3 RS

158 Jy i AEI HLRBEIAPE, 1 NIR BoR 4t
T —FE R IT % . Dowell Z WS 78, NIR
FE/INZZ TR IR 5300 5 ok BE &5 (R>=0.92, SEP =
0.04% ), e ), Hid - Tl e s,
SRAIL T —Fh b G H R ) R B

S : Dowell ZWAF5E /R T NIR FELE R 40
T TS R 43 B I v s R Y A e S
T, NIR RGEHH T W da w72 i K oy
i, KIS AR 0.04%, B RINEILTEEY
b, % RGBT T LD GG I R S, 2
A L2 IR IERRL, BEASEAG X 5 TR T ) 5 A
I EIR, FELBRN Y, RGP S min XA
FELR TR AT — WA, SR A s H
PR (B0 0.5% ) B, A SR A S5,
INTTAEAS B A i SRR T 8% 03X — R AN AR 55
THEFEROR, IR T A X 7 T 4R 1 g
T3, W T TR O D — B 1 AR R
1.4 Hftd

AN, NIR TETER -S4 . BT K i
TS HT 7 M5 RR A 28 S U A 0 o Chen
SEF A NIR B oK vE s & &, MRS (R?)
ik 0.95, BA Y 5k 22 7 I f 2 ( Residual prediction
deviation, RPD) fEil[% 3.0~6.3""", Badaro %
A NIR PEAG /N DR AR i, SEBR T
K5 RE it X SR R I, NIR $ARTEE 24k
ki i A B L. Egesel 45K F NIR il
FARIMBE F i, B EE RMSE 35 0.2%, Fil iy
B 1~2 min, R7ELWEFRME T PR,
ZHARE TR RS, WREA U AR
53 o

NIR H A 5B by o i 26 5, w]
SEELAT Y 7 M S AR B S I . Zhao S
NIR FG/NAZ 7= 1, MERR T 95%, £ i
YRR B PR I T B SR T AR
PR T A ) e R R

BT FRSLf], NIR fELRAIN RG4S P
TR R T B — R, RE
REAS 7EB0RD N 78 RS I O S i 2 1, 2B =i
R GRS 8, dR s ROV R ORISR
B, JE DR B WA SRR RN 7 Y SC ER R AR (AR
FIBT. KAz KA ), b 2 BRI s RN BE Uk ) o AL
HFE; —RRIAME, SHIMRAER, T
A PR AL, W N T, R R
HOR; MRHERIRS, S SR A EOE Sy,
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A BRI o 4 o D SR B kA, HESh ™

ER. BRE M KR
2 RO EEFE
IELLAMCIE B A =4 . ARtk Lk
PRI 7S S5 52 Ze Rk o B3 1Y FlA BRI AR A R
SRR TIORG BE | AR AR E R AN AL RE T B OCHE
ARATERR B AL PR AL et 5 AR LR A
Ik, UUSIREE )7k, I s Asopift g,
21 HEWmALETE

B AL RS AE I RO TR A T OE B
g, eR S B EACH A G R . WH
T kA4 .
2.1.1 P

S ( Smoothing ) AbFH = FH - FEAKOGIE AL
b n) S AR BEALE S o W IR T A BB
T (Moving average, MA ), X O
MR O M8, AR, HA] i S 3dg 22
$i; MALE 3 B (Weighted moving
average), WA % [ PN A [R50 55 [A] AR
s R H B ;. Savitzky-golay (SG ) P
B, TR 2 D R G g i, 8
WTEBEE NG — 20, I ZZ 0
O MERARER O RO, AT BP9 R
Jy FR 0 A 18] 5 H R F ¥  (Locally weighted
scatterplot smoothing, LOWESS/LOESS): —#f
ESHOF I ITIE, WA S ST SR A [a]
IFUT XA M AR B, SRS (O
KRIGE ) A REEA R, HE/N G -1 S 2
554 B, LOWESS/LOESS 75 &b B 4 28 1 s St
TR
2.1.2 L

E#a# ( Detrending ) F T 1M BR G £ s Ao
BRI . HEZTAL T BRI th A AR R N AR AL A
T C R RS S S P 9 SR PR ]
Pk atE . 2WMAYUE EEHE (Polynomial
fitting detrending): H—"1Z 3= sRECKRI G
WYL, SR IS G hs iz 2 mit,
M B R — BRI B8 (First and
second derivatives): T4 ] LUA R bR HE 2T

&
b

=]

BARFRAZA, —Br FBONREECEL, e
BOMBR &ML S, N #ER (Wavelet
denoising ) /N AR5 AN AU LY
FBpmers FAE S, X R A L i S v
¥, 20U BB SRR, T A R
LIRS, B A N S 4 T BE B A AL
2.1.3  BUKIE

THER B TRUR RN . R SRR S PE R
TR AR AL 5] B O 1% HOS AN . 2 T AR IE
( Multiplicative scatter correction, MSC ) i
BEAOGIE 5 HRAEDGE (s &I tiEr-F
I ) BEAT HEBOR AL TE BN Y s AR IE AR
B4 (Sandard normal variate, SNV ) %f &4
SeiE I TR AL, M 0, bRk 1B
REEAZEZTH (Robust normal variate,
RNV ) it T v (o7 BRI 266 %8 v 437 22 R A U S (BRI AR
W, X R

MSC FlIl SNV 2 f5e ' F A HIGH AL IE J7 % . MSC
WIE A TAOEFRMERUN RN, SNV B iE A TALIE
TP RN . RNV X 555 (5 A A7 A AN R
214 EXZFSKIE

ERfEESHRIE ( Orthogonal signal correction,
OSC) L5 HAR BRI RMDGIEF R, e
TITENGE 1 o OSC FF otk i g 5 H AR B 1E5Z
FIARSC B, Mok b 77 e 5 HARAE B0
T A5 B, OSCHEH AL,
2.1.5 B IAL BT

NIR G5 AL 3 5 1E 2 BRIEA | JEL R
BURRON B T . ITAESR, — SO ) Pl Ak 38y
BRI IRE S o A R B B

(1) #EZ/MFEE#H ( Continuous wavelet
transform, CWT ) CWT i ¥ G (E 5 0k
AN T) RUBE RIS B /N, A 80T oA e 7 AR T
2. MPREH, CWT 4 NIR SLiEadr ]
2 ST O TS BE B4, Zhang S50 ] CWT
Qb PR ZERE K DG A, BEXT y- R AR TR
PEATICHUG I, ks T AR AR b
IR 58 K B DaubechiesS /N & pRELIETT 3 2
FEMRALBE, FLIEFEAM KRR (re) £5] 0.931, T
MM RE (rp) N 0.916, £ CWT EH#E
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NIR S E oMok BT 1 BoAy 3. RV
PR y-RZ BT RS i, HIrEmMgsigxik
o3 MR 1 505 HA A Y o i) o A Rl R BAT 2%
M,

(2) &K B4 ( Empirical mode
decomposition, EMD ) KkHZ{&k EMD ¥ {55
O3 — FR G [ A RS R (IMFs ), a] AT
PRt TR S MR %, Zhang
SGWH T EMD AR —Fpfiab By g, T A
LN G P S Y PNISR v D B URA R =1 R
%o TIPS SRR, EMD BB A 080
TGRS, TS TR B, kR B A
() JF BT B 1 SR,

(3) == I8P (Spatial filtering) X}F NIR
TGS, 2 BRI BEA R AS BE A . Noah
SERZOTEN TR RO GG ER AL, 4 T
Zie A I P i 2R T
22 HMERTTE

2 M AR P T B OC R AR B I O o
D5 A A Al Fe /N 3R IR L S 40 81 0H R
T Fe /N — 3[Rl
221 rfe/N 3 EH

i fz /N — 3¢ [l 9 ( Partial least squares
regression, PLSR ) {552 NIR Y&itksr#r i H
Tk, W ZEILA N AR AR TR
TP AER AR B (Lvs) P,

222 FERUFEIA

F s [1H ( Principal component regression,
PCR) A PLSR WL, HAEGHE S AR # G
Z a7 bl mT B a0

PLSR vs PCR: PLSR [A]Hf% & X 1Y {5
KL, Gl PCR AR, JUHORAE X ALY Hi 5k
PEFBRI . PCR K% & X 522, AIREZNES Y
FHOCHY 25 .

2.2.3  Fgi i fe/h Ik nlH

TE R i e /N 3k 019 ( Sparse PLS, sPLS)
LR DI ARRBRPELI R, H 3l e i B A I
Kml i B, B AR 4 T fige e AN T 0
sPLS i i 7 PLSR WYL AARRECHINA L1 IE

AT ( Lasso ) S SE IR B 1 -
min || =XBI7 +4] B A (1)
Hrp, AREWSEL || B 72 B 1Y L1 Juk
(HEXHEZ N ), ENAESEL L i 58 U E
23 FF&EMERERTIE
e tE Ty il I OISR P B R .
WL A SR L. N TR . %
Fe/ N 3R 1A FR AR AN ET
23,1 SZFFmEAL
2 E AL ( Support vector machines, SVM )
T A B AR 2R ] Rl A 5, (R AT A0
B RBANSE (ESIZHC S E Yy ). W
T EIEEE, SVM B H bR B — kg f(x)
T A A S BNZ R B AR ¢
(& -insensitive loss function ), [ i {# R U 1] fig
P GEEEME | w ). SVM ML RT L
FoRN

R | C ; \
minimize §||W||2+Ci2:1:(§i +&) X (2)
Y —W'g(5)-b<e+§
subjectto {W' g(x)+b—y <e+& =K (3)

&8 =0

Horfr, () S i A Tl 2 x W 31 e 4E R AT
2 RZ PR AL, WA M5, bR E I, C &
TETIZSEL, &M & SRR e

L it = PR ATS R QIR S A Y AN A
A% 2K B (RBF ) #% | Sigmoid #% . RBF
ol R EE, HAERARIFAELENE
RETT -

SE A 1B S8 C MRS Hy (5FF RBF
) 3 RS 8 R B 58 SIS E AT A
232 ATLHEME

Z JZ APl ( Multilayer perceptron, MLP )
o= B E O N T 2 M 2% ( Artificial neural
networks, ANN) it , (A E R &AL
PIZET, — AT MLP R LR A -

y= Ll B (W +13)W +by)-- W+ 20 (4)

Horpr, XOERAGERE, W b 25 LR
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ASCER M RD T i, SRR L2 BT PR
( 4 ReLU, sigmoid, tanh ),

P GEHY « el 2 000 A 2 P 2 e B
BOARYE LA ) B TR 2

BSE %R RN RSB S
URTHE SRR N

SVM vs ANN: SVM i & 76/ IMEASEN T %
PG, T ANN 75 2 K 8l A e R H A3
SVM Bk AR Ak, 45 5 #0384 R it
fite, T ANN 255 b A Jmy s 0 o
233 Hdwis/h —3ElmIH

W%+ 15 N F 4% e/ — 3 11113 ( Kernel
PLS, KPLS) A[LIAbHELME X R, KPLS ¥
) N\ BSCH 3 2o A% eR R G B AR A ), SR
FE = 4E 23 (A R T PLSR,
234 JRESIMALEIE

X AR TR 544 HE— A SR B R, X AR 2tk
S R B HE R PEDY S R AN A RE A
Xq > JARIIALEIE (Locally weighted regression,
LWR ) 38 8 BT Y e A [a] AN R 0L —
JR TR R R R A A S IR AR Z R
B RRER (v TR PR )

" :exp[_”‘ X ||2]

27?

A (5)

SRIG , SEHTINAUR N Stk — R isi sy
34 REZFIEEDINEEDRRN A

TR, PRI A7 > TR R AR R I A 1 52 220
RAEBIP 2K, W LA IR 2 > B AL R IR
JEE P 25 ) 285 TN A FERH 28 I 45 3ok LU fi8 DA DI 4y
BE A SR BCRIE , I E R 2500 T SR A0 =
PERE
3.4.1 TREERRZ M4

R Fh 25 X 2% ( Deep neural networks, DNN )
i3 22 R AR WL B 32 2T DG B s TR 2
G (T =T R = €115 S N ER =R
e, AR NS A S AR,

PIE&EEH) . DNN & 2ROz, B4
P2 2 ATt SR BRI & e B 75
HRHE I 52 2 B T A s A TR K

B b A . & FH R B 1k 0L 1 g
Dropout. 1EMfL, F454E,

3.42 BRMZ ML

B M4 ( Convolutional neural networks,
CNN) i H R I BUR TR, e 2ddHeot
TS T s [ 254 . —4E CNN (1D-CNN) 4
)T A b T 1 R B0

HBHE: BRZEE LS P EEEE F iy
g, PREURESRHE . SRR/ R
MBS

WALE : WAL E TR LE R, Wit
AiE, JHREBR A E R

EHEER: 2EREHGIZ A R
)R IS 3 A o 2
3.43  HAWRBE AR

PEFF 2 M4 ( Recurrent neural networks,
RNNs), FEalE K 51212 M 45 ( Long short-term
memory, LSTM ), ESAAU CNN #H, {HAEL
HELELAT B RRAE i Bt i T RE AT FET S B
B# (Autoencoders, AE) HI T JCHi B 1L~
TRELAER s A %t M 4% ( Gener ative adver sarial
networks, GANs) A J T &dla o, A= iUE 1ot
EHAERY,

WRE2 ] vs ARG vk« TR~ ) AL 75
SR BAEA BV ZR, ML SE ) EAE/ NEAE
Tl RER M4, R I B A L B SR U
fiE, M58 1 1 e T S B R R s T AL 2
TREE 7 ) BRALE TR R AR e, R
YIRS H]

4 EREBEA

TS . R HE SRR, AR EL
ST ST NIR AR To Ik BE A, Sk
TRINRS B2 TR BT RS B TR Pt ), i
FAFT BT RS RRTE I —Fh 5% A T AU

BRI Al 4R AN R bR ST 28, DL 2802 i
e B AR . BRI T

( Calibration transfer with standards) 7 % —#1
TEBANAY (EALE ) AR (MU ) EEB
W AR MERE S, BB R B TR T B
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( Calibration transfer without standards) A~
FIRRMERE S, EIEAO BRI E s S

W AT AR R X 400 5. R IE T, B
XIS AT A8 e, FERAIET I, XA
(TIN5 R AT RCOE s RIS IE B, A A AR A
ZHUAIE W 1 S5 1

I AT AR AR () R A 43 S RIS [R] R AR B
F#, MRS O [A] i R A AR Z Al
225 AEWEFR T WERER, R,
VB A AR AR A R 1S o S TR I R A B AR
B, MorEmiERZER (AFE SRR, AR
FEHE ) AR
41 BARERETBAE

RS B ) A L7 20 T4 80 4RAR AR ),
BEED, APRFERERE R )y ik i gt .

( 1)RIRFIER IE 8 ( Slope/bias correction,
SBC): XA [FLARE] NIR 1900 (i A 37 2 e it
RO AR R T — R A, K
Beid T — S R 22 R B/ 5 . SBC ik H
FRAER I FIIE (y, ) FHEAERBIIE (yg)
Z AR PEC R

Yy=a-ys+b X (6)

Hrp, a @R, b &M, X —dH AR
FESLTE S A0 A I 45 R AT B 400, AT
DAt a fi b f{E .

(2) HEtr4E{L % (Direct standardization,
DS): MM/ Tl B, #@r EHLATPLRE
FEMOCTE LM R, 52 T OGS BB TE AN
A A ) (1 22 A Y, DS 5 8% H AR 2%
ek (X ) SEAEERE ( Xg ) ZIAFFTELME
%/% H

X = XgF K (7)

Hrp, FORRAE R, 38 a0 — AR A
FEW S AL RO T B N RIS, AT RICK
HFE.

(3) B HEMAEI ( Piecewise direct
standardization, PDS): & T /MG £tk 2h
WORMIRZE, 16 DS BkRY AR Fm A% H ¥ sh
Be4E, B PDS Bk, i BA R G WERLT R

K BE AN IV, BONAR LT RS TP i 22 L) 3
BTz BN ARG . PDS OISR o £
MR H, TERAE NS AR R .

(4) Shenk B $a i T B ARG EE [F] B
MIERY Shenk B3k, @I % H OGS Bl k15
WRMIESH, BT 2 AR BRE R,

(5) MNEREEBEEWHEALTTE (Wavelet
hybrid direct standardization, WHDS): #|H/)\
W) 2 REReE, 78 DS/PDS Bk Z i1 x5
STV AR, i T WHDS, fEm T ERE
Bt e,

(6) HETFTHAMEKSTYEETHE Tk

( Canonical correlation analysis, CCA); i
HUAS [R]85 T DG 19 B KA DG U8 2 i S RS 7Y
FRBH,

VAR R B2 2] T i

(1) #F ANN MERAEITFR . FIH ANN jE i
ASTRVASCA 8] A G RS RR AR X 55, SEEE NIR AR E5 Y
A S LA

(2) BRI A HwiGasER (Transfer via
extreme lear ning machine auto-encoder, TEAM ):
FIH TEAM #7 EMOCTEZ B OCR, LA
SRS 1] R R A 1T

(3) MIEHEN LI BAEF 2 . R
0 BOE WAL 19 24T 55 2% ) J7 ¥ B4R b ik &
FEHE B, fif ol T B R i A AE 1 3 HU 5 T
i,

(4)ET CNN W% it 75T CNN
MYIERE = 2 ik, BT BT A [ A it ] ) A5 72
ER,

(5)REE T2 > ( Deep transfer learning ):
FE A CNN SEBUAR [R5 T 1Y D 1A Y B35
[FINF, AT R IR B 3T 2 2] 7 i i e 1 AN [
SRS 1) B4R R 5 4 o R 4900

(6) &8 T8 % Mm%l

( Weighted extreme lear ning machines, WELM ):
P —Fhgs G BF M WELM 3L NIR
AR, R AT DL U RS AR AR
BT 45 Y,

(7) BE CNN AT ARREAMIRE: FIH
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TREE CNN JFA T3 H T A R A RS [R] BB 1Y
NIR SEiERE R E RS LD,
42 FTHRHEEBEBHE

A PRFE T s, TR AR BE AL T 7% 57 H 4k
i

(1) A PRk R (Finiteimpulse response,
FIR) 27T FIR M5, S&RFITIMFEREALTHE
T AR RO A,
FIR B/ AN [R5 T OG5 Y 22 5 o FIR 83 4% 7] LA
i‘%i_\‘y‘j

N-1
yUﬂ=§:mHﬁn—k] X (8)
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