22 % WL SR 2 = T S Vol. 22 No. 1
2022 F1H Journal of Chinese Institute of Food Science and Technology Jan. 2 02 2

ET AlexNet HFRHER [ 4% 1 KK 7= 3 5 S 1 R 1 51

x@x', Fn#A' K #H', NEH' X F?2, xEHE?
(RFIHRY ARELAABEHALTFTELERE T 100048

AT AR LA R RLIR S BELHRELERE AN 310021)

HE REXRBEALFELRL 104 FH 4 A RA LT 1000 605 K KA AEE K 950~1 700 nm K ] 4 & 6% B 1%,
BREERAR R EBRBFFHFHLE, RAEZR> DA ARE R EEERR R T ERXT 99%% %
— S ERS MRBERATAESE ZRRKRMAFRE H — R X R IR G IER K 1396.67 nm Fo 1467.38 nm, 4T AT H
ZHAF AR K B R IEAT 2R AT, 2 R IAT Z 4 R, T 23 Al GAEARE L AR AW AT AlexNet A ARAPE
MG 6 MA/EEARIKK T HFH SRR AR ARG RANEAE L PETF 146738 m ke % =

F R o B S8 A Au/3E A A ROR E R R R B 69 b Ak SR AR FL AR R A R T 3K 99.5%
KER HAHE;, RAFREARN; R4 H; AlexNet BAAr 2 M %

XEHRS 1009-7848(2022)01-0282-07

it 5 3 ] ] B8 A 3 K P R R, RUARAEROK
AR AL I3 e SRR H B 32 B9 RO, ARIER
KL | BRARAL ™ X Ah , - BEDRER )™ X id 4
AR ARAC B VAL X, RAEF AR A Y
FAREREE, RSB IR | H R ] B 25 K
SFONRARE AR ME T RIFM A 1F . EIERARILKR
KB TR E R, RS N R AR TR
ARARAL = M ROKR B SR, H AT F A ™ i )
WA BE W DR 2R A0S I T B i AN 58 38 0 AN ik
TR W52 22 % ) 4 K Sl ) 45 M B OB D AR AL ROK
PR ), 7 L T 3 R DROK P T 4 B Bk
¥ ARAE T B R

& 58 (0 RO b R I 7 1k 22 ISR AR~ 23 B 7
VA g 20 HA RS BE R 4K T 38 30 A R FE I
FORT R H A IR A5 B, G i T A R ROK
T 37 M B AN RE A7 Ml H A5 3 A R | T A A I
iR o TR BRI G IE HOR 5 BAR T AR 1 I 5
RS, T HIT AR F bS04 — 4 L) 25 18] & — 4k

i B, 2021-01-20

E&WE . Al 4™ 55 8 W T 85850 = JF iR
(2018) ; H K B 2# I & Z 1+ Wi H (2019) ; H &K
& T TR (2018 YFDO101004-03)

EERIY: Rk (1979—), &, 1+ B4z
E-mail: pubwu@163.com

DOI: 10.16429/j.1009-7848.2022.01.030

byt U SNEORV ST NP Vi K7 SIS 1 NS W o N
FerO-100 g 43 11141 4% 016l = iy (7200465 0] 451 S 11%) B
MR, Horh | T R SRR O 9 AN REAE I
AR IR] R oK 55 40T EL RO 54T SPSS H1 43 H7
AR IEH K35 95% ., MR SCEPRR T T —Fh v H
1o T AR B ARG K 7 1 B & R
KT EUR R AESE I, IR 25 5 MR b 45 I 4%
PNN 7 F A A n DU e AT S X kK
K 7R M HE AT 425, Mo SRV AT L /AT 4T Ah
(VNIR) 1m0t A A P R ) 1 i 1 R
K JE R ML, UK BE AT ik 99%, [ iR 5T 4 R R
EOISE ARG Gkt it gk | BRI O ik
FH T OROK 7 b, 548 3] 45 ELAT S50 1) IO FH TG 55%

T b B AR L ORI B B, BouE
TR A J2 >R AR (] 5 s =R R b ™ X SRR
S AH TR SRR 6] 7 DX KO AR AR W RAE - 22 57
ANBIT TP B A A ) 2 S DU AR e ek B A
FAR T B b A7 EOUL Pk ), Aok B L
25 [0 24 A28 ) L J 0 R R S 0 5 A R AT A [
6 4 3G 3R IR LR R ) AR L AR SRR
TR 28 X 28 R S BHRF R S5 &, P A A
] it A AN TR = XK K B AT A7 1, DU RE A 75 5
Wi oK, i T R g e 4r i R Ab/AE R A
K7 bl P 2 T AR



B228 H1M

T AlexNet £ #2402 W 44 04 K K 7 3 5 k18 e ik $) 5)

283

1 MBEF®
1.1 iR H

ARALKOK S A R EA KRA R R
F/INHTOK - Sk N7 38 9 BRI A 2R b ROK 7™
AT ARG B 43 0 A VA8 ARl B2 B (2018
6 H) Fdbat il A KL A R A E (2018 4 11
A WEE T AR AL M KORREAR 5 4 AR AR b ™ i
FOARBEASETE 10 7y, WFERBILKRE 10,7
AL 10y, HFAREDRL A 14y, i T/ K 2 4y
(AR = M) VEIR R A 10y, VL /NI K 1y,
LR 1 0%, L BUNITR 1 Wb /NI oK 1
By, B FEABENLECRE 100 %7, FE11 10x100 i 8h
R ROKRFEA
12 UE5EEF

SPECIM FX17 @& G AHAL , 2% 2% SPECIM 2
A, AR SRR E . K 950~1 700 nm,
FWHM 3% 58 8 nm, U B%L 224 4>, BEOGHET[E] 3.8
ws, WA 40 Hz, 25 [0 RAFE 53 HEF 640 px/line.,
1.3 BRiZEGRE

K SPECIM  FX17 25 )G 3% AH HL R 48 KK HE
A IS G, B 7 L 100 F50ROK BE AR ik
£ 10x10 Y ECRiAR I, SR B0 ARUiCE T35 30
HY B AT L R IR A 10x100 4~ H
L ROKFEAR I = i ER
1.4 HELEHERES
141 SIS HALEE 1 X IORBEAR S OG g R
GRBR UEAT A OE LA 2S BRI A T A5
Wi, BRAS RORAEAS S5 A8 G5 R 4% lROROK §8
J3E , - 3 328 RO 8 X 8k, 85 SR R X 3k P T A
182 OGS BOF YR ik KORFEARGE, 153
1 000 ™ KKFEA B G 1SR 4, an sl 1 s,

R

Reflectivity

o T T A S
900 1000 1100 1200 1300 1400 1500 1600 1700 1800
PR
Wavelength/nm

B 1 KRBEARIELIAIE
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Table 1 The training and test results of rice origin identification model based on AlexNet
HF AE K K /nm % A& %— 2R BRI% %= R BRI% %= 2 &5 B1RI%
1396.67 kS 800 69 76 84.5
m 3K, 4 200 69 76 84.5
1467.38 PUEES 800 82 95 99.5
DUREES 200 82 95 99.5
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Fast Hyperspectral Discrimination of Rice Origin
Based on AlexNet Convolutional Neural Network

Wu Jingzhu',  Li Xiaoqgi', Lin Long', Liu Cuiling', Liu Zhi*, Yuan Yuwei®
('Beijing Key Laboratory of Big Data Technology for Food Safety,
Beijing Technology and Business University, Beijing 100048
*Key Laboratory of Information Traceability of Agricultural Products,
Zhejiang Academy of Agricultural Sciences, Hangzhou 310021)

Abstract There were 1000 single—grain rice samples collected from 10 origins and 4 varieties in Northeast and non-
Northeast China. Near—infrared hyperspectral images were acquired within the wavelength range of 950 nm to 1 700 nm.
The region of interest was selected according to the outline of single rice from the images to calculate average spectra.
Firstly, principal component analysis was used to extract the first and second principal components with a cumulative
contribution rate greater than 99%. According to the maximum value of the weight coefficient in the loading matrix, the
characteristic wavelengths of the first and second principal components of 1396.67 nm and 1467.38 nm are screened re-
spectively. The principal component analysis was performed on the two sets of characteristic wavelength images, and the
first three—dimensional principal components were selected respectively, and a total of 2x3 sets of training sample sets
can be obtained. Finally, there were 6 models established to discriminate Northeast/ Non—Northeast rice. Among them,
the best performing model was built based on the 1467.38 nm third principal component image, and its recognition ac-
curacy can reach 99.5%.

Keywords hyperspectral image; rice origin identification; principal component analysis; AlexNet convolutional neural

network



