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1.1 ##

TS SRR A R T AR R R T I T AR R B A
DR, WACHSIE 88 S/ND B, P EEEE . N
B 1k T 4% R Bz b U8 AN A EROR R R T X
B 7 2 T R AT I VR AL B, o R AR I VR
B R A R B TR AR R, BN D
PR TE R L d, EEE R T
T o SR B F K 4y . FEIEECT 291 A CRLEE 88 AN SR 4T
[, 69 ASHUARIF3 Y« 71 A 1 0 R 63 AT 15 (14D 35 U T T
B AR SRR AR (AN 1 TR, AN Ry 38 50 1 i TR B
[ Bl R SF /N (730763) mm. 48 %l RSt R /N 29 k1 (440
+£52) mm], FNFEAREELE N 53~112 g,

B 1 SEiFE(a), ARG EI(b) . FHEI(c)F0
EH(AEIESS SIRERSE

Normal (a), mechanically demaged (b), frozen (c¢)

Fig. 1

and bruised (d) cooperative No. 88 potato samples

1.2 REBEAFHRGIRE
ATIERA RSB EREARGHRE, & 2 %M
BRI —18 CARRR 7R SE 50 2% B b (A5, $E 8% DW-

60W208) JE Li A i 48 ho Thak 2 i BUVR 4 )5 B B € A
PO PR AE (R BE . A HELE T B B (0 AT Y I
B TR SRR EREA R B TR KRS M EEIE R Y B
AS B R BT T RO RE A, AR 0 X A A T A B . TRy
DX AT SR 0 RT3 H 5 R A T R D % R A G o DK
AN ARAE
1.3 #lihEEGIRE

L SRR 475 o o 3 0 1 e L SR R AN R 2 P,
A SR T AR AR R 35°, Ak b R BT ML & N
1 147 mm. FRALE 500 g /520 FRBRER 1L ACE 704 38 1Y i
ETJ5 GRS ERER Ak v O A R 0 S A AR
PAPRIE & — Ui 8 o 19 7 B 39 5 — B B 66 D Sg df 9 S 4%
EREARBA R AT T S A b i g, KA R
A X BE I 117 A9 B B8 SRR AR Y Dl i TR

Solid iron ball

@

Hard plastic pipe

1 147 mm

Potato

B2 DRENMMEGHEROGREEERER
Fig. 2 Schematic diagram of potato mechanically

damaged device

1.4 Bhi&EBBETESR

% B i G IR S 30 R 5 SE UG A A Tmage~ 3 4%
87 Z 5= AL, HOG IS A B B R 387 ~1 035 nm,
BBy HEA N 2.8 nm, JLA 256 DB, BRIMR R R TR
1 344X 1 024, BEAFE 5L 8 B8 BE B 0 60 s5 @m0k M
12 VHRBEIF ML A . &% A48 P14 55 3 5 45 F A
AEYFEMPIEBE K 170 mm, B FMEBIIEY T E
REMBIHEEVEN 4.6 mm « s ', FOGIEARYLEE G )
W N 9 ms, TG XIHBE Y 100 mm, RA] ENVI 4.8
(EXELIS Visual Information SolutionsInc. s USA) & {4 #% Ht
T JG 1 4% 3 i D63 AR 60 X 60 18 3R AR D R X
SRIG TR IT A 387~1 035 nm 25 AN B X 7 P 4500 % R X35
AR EAE R SE G 0 . AL 0 . AR Y R i R
15 ) B B SRR AE G BT 4R .

2 HLE Mk

2.1 BXIEHIEHAE

ST B O T U R b AR S BT R AU B s
SRR T 17 RO BAL T A — B S A (first
derivative, FD) . [ 5 % (second derivative, SD). /& &
- (Gaussian window smoothing, GWS), £ ¥ i (box
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smoothing, BS). L2 %9 — 4k (L2 Norm Normalization,
L2NN) . XF % 78 # #7 i 4k (logarithmic transformation nor-
malization, LTN) ., Min-Max #5 # /t ( min-max standardiza-
tion, MMS) . # 3 #: (moving average method, MAM) |
£ IGHUT K IE (multiplicative scatter correction, MSC) ., K 4%
Y ¥ I (anti-cotangent normalization, CAN) . /N [ {H 2= M
(wavelet threshold denoising, WTD) . 8 %% °F ¥ (exponential
smoothing, ES) . H{H JE % (median filtering, MF) . Z 43 $(#r
WEAL (Z-score standardization, ZSS) . J&#E 1T AL 26 14 £ /)
Z I+ —r 21 A B (local regression-weighted linear least
squaresfirst order polynomial model, LR1) . J&#&E Al I3 A%
LM /N 3 + B 2 39 R AR Y (local regression-weighted
linear least squares—+second order polynomial model, LLR2) I
Savitzky-Golay JE I (savitzky-golay filtering, SG) 3 1 % 5 44
Stk (Raw) B0 40 o A TE R R 75
2.2 ERIEFHEEFENEE
RGN EA R RELRER, IR E &
SR I B R Y 4 25 kS B . R A CatBoost, GBDT, Light-
GBM, 2% i 3 [ I3 (logistic regression, LR). [ #l ZF #k
(random forest, RF) fl XGBoost 55 72 Fll M B 4 i, 2F > 5 %
(stacking) e A &L 5 = oG 115 45 E 78 4k 08 45 R ) D sk 6 45 iE
AE B AT AR A AT
2.3 HEEMERTM
BEHLIEE I 70 76 i & 1E 88 5 Th 4% 8 DU LA Y 2 5 6 1%

LR BOHEVE AN ZRAE . T4y 302 B & AF 88 5 th 4% By 2Kk b
A 1 2SS O 1 il B A S A L R R B A T S
F R G UL U S SE U DU 05 o R 05 R A AR T TR
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15 PG R AE e R 32 R M. fE %8 (Accuracy) . F-
Score, X} ¥4 2 B & (Log Loss) FlifE B 1 2k & H ( Hamming
Loss) I T PP Al 5 8 Y1 5 75000 ) g SR 0,
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3.1 DREFMERLEIN
DU CSE 4 14« MLBAR 03 10« R0 R R 105 1) & 1 88 5
Th S SEREA B RO OE I M LW B 3 BT R . R A 1R 88 5
L TR AR B R G TS M 4R AE 440, 560 I 680 nm B i A B
U0 5 HLAR R 1 RE AR 7E 560 1 680 nm [T A W % U
W, 7E 680 nm [ T W it 0 5 (B A TR M AR A SE AT I
T SRS IS O 1 it 2% 6 48 O F- . 7E 560 1 680 nm
R 3 V80 B R 0 5 A RE AR TE 440, 560 Al 680 nm Fff i
FETEM 0, X0 Hofh = 25 RE AR 1 2 B 7€ 410 nm [ 35 TE
BB 0 B S0 . 7E BT IO B 420~650 nm T A KR A
B, UL AN BE 820~850 nm fif 5 FEAS G D i, HLI
5095 14 ¢ 0 R R A0 1 IR G L R O W 25 T % SRR AR 1Y R A
T 2R AR W (R — o AR SRR . 40, TR
2 755 i R 7R R AR, PRI % 387 ~1 035 nm( 4 i) 256
AN B HEAT IS 22 TR AR R 4 BT R . SR I REAR B
B i SR AR A OGP B 420~650 nm ARG REA A B
TGS 512, 78 7] W6k B 651~700 nm (9 LB 40 405 B A B
RS 3, 3 HL AT LA 21 il 8 28 A8 5 76 3T 41 40 9% B 701~
950 nm = F 455 OG5 HE AR —FF 5 7E 951~1 050 nm [ % 4
FEAA B AR G2 . Bk, TEF AR AR 59450 05 B A 19 06 3% I o
PR JR R PEAS — B0, IR 3 B AR 1 ST 6 i TR R A
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Fig. 3 Reflectance spectra of normal (a). mechanically injured (b), frosted (¢) and bruised (d) cooperative

No. 88 potato samples
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MUBAR A% « VR A% FIE A5 10 0635 52 T i 34 B AR — B, xSkl g
28 2 18] 14 2 55 M A {6 D v O 1 RIS VR 0 5 4% S B A R 4R
HE T RO B
3.2 OHESXIEHIEmLE

R £ B R RR B  h T RS SOk I PR B L O B
SR, G EE B A S, X SRR e g M S 2
L2 52 W 3 I SRR 1) F B PR RE . 0T TH A B JELAA O % A g
TTHAL #2531 iR, Bk 1w A, LTN, MAM,
ZSS, LRI #1 LR2 Bk kb H5 i T00RS BE 55 00 P s 4 50 ik
AT IO ARG B2 JCHE W22 5, oA 89. 77005 MSC Al BS i
TR 4K BE 43 531 A = 88. 64 %0l 87.50% , Hb 2 IR U B AR vE
ATTI PR 2 s LTN Bk b ¥ 45 5 A8 R I 250808 191
M gE R —80, KR 89. 77 % ; MMS HI X W f8 S1 #5595 , 3%

3RS BE (B R 80. 6806 . kT R ik Jr ¥ . FD M1 SD 55
PR WUINORS L2 1 9 81. 82 % Al 84.09% , e B B i I 4R %
P 0 AR T R R 2% 5 GWS, ES A WTD 5332 L 1 45 1 F
R B S0 AT T A AR A, TOIORG B A 90, 91% 5 L2NN
SR L R P DB A AR AT T SR T TR R B A
93.18% ; MF B H=3R154 96. 59 % i f% /1 BY UK BE . MSC &
AL T A S 20, 71 55 MF SR AT dRc L, O 14. 72
s, MF B3R 0 Log Loss {H /N, N 497.62; MMS k715
i) Hamming Loss {H & K, & 981.16; MF B k38741 Ham-
ming Loss {H /N, 5 0.03; MF 83815 ) Jaccard Similar-
ity iR K, A 0.97; MMS 8 #3815 1) Jaccard Similarity {i
/Ny O 0. 81, 17 Tl P Ak B i T AGCR L X A R, R Ak
 MF 505 FULL 310G B 44 B v G 1 R A i 4 25408 .

F1 DREFFREHMEHLTLELER

Table 1 Prediction results of potato hyperspectral curves preprocessed by different methods
Meods MUY R Mol Nomal  ruse W Hummine Jued - Fiving
/70 /% Injury/ % 1Y /% Loss Loss Similarity time/s
Raw 89. 77 90. 48 82.05 95. 38 86. 67 704. 85 0. 10 0. 90 18. 65
FD 81. 82 78. 26 78. 05 93. 55 66.67 946. 62 0.18 0. 82 18. 68
SD 84.09 68. 42 90. 00 98. 41 68. 57 877. 54 0.16 0. 84 18. 37
GWS 90. 91 90. 48 84. 21 96.97 86. 67 670. 31 0. 09 0.91 18. 75
BS 87.50 90. 48 78.05 95. 38 78.57 773.93 0.13 0. 88 19. 14
L2NN 93.18 95. 24 90. 48 93.75 92. 86 601. 23 0.07 0.93 19. 95
LTN 89. 77 90. 48 82.05 95. 38 86. 67 704. 85 0. 10 0. 90 17.92
MMS 80. 68 71. 11 80. 00 98. 46 58. 06 981. 16 0.19 0. 81 18. 70
MAM 89. 77 93.02 80. 95 96.97 80. 00 704. 85 0. 10 0. 90 19. 54
MSC 88. 64 90. 48 76.92 95. 38 86. 67 739. 39 0.11 0. 89 20. 71
ACN 88. 64 90. 48 80. 00 95. 38 82.76 739. 39 0.11 0. 89 18. 74
WTD 90. 91 93.02 82.05 95. 38 89. 66 670. 31 0.09 0.91 18. 36
ES 90. 91 90. 48 84. 21 96.97 86. 67 670. 31 0. 09 0.91 18. 94
MF 96. 59 92. 68 95. 00 100. 00 96. 77 497. 62 0.03 0. 97 14.72
7SS 89. 77 90. 48 82.05 96.97 82.76 704. 85 0. 10 0. 90 18.07
LR1 89. 77 90. 48 82.05 96.97 82.76 704. 85 0. 10 0. 90 19. 36
LR2 89. 77 90. 48 82.05 96.97 82.76 704. 85 0. 10 0. 90 19. 10
SG 84. 09 87. 80 70. 00 92. 06 81. 25 877. 54 0. 16 0. 84 18. 57

3.3 DHRESHIEHMAFLERKEE

JEIG 10 5% B G it 2k D & 256 M ARIE AR, R
CatBoost, GBDT, LightGBM, 2 48 7% [8] |9 (logistic regres-
sion, LR) . B ¥l 7 #k (random forest, RF) il XGBoost % %
e BRI LD % R LG I SRR P AS s 3k i A ST A T 30
AR AR 1, SR AR B AR FE AR B A AN 1 4 R . AR
A ¥ GBDT, LightGBM Fil XGBoost #F 4 439. 9 nm
KAER T HERRAE L 4t s 7E CatBoost A MI#E A, %K
AL GTHR R HE 4 58 1 76 RE KA 2 o, 32030 4 AR o3 ik
AT 78 LR AR b, 3R AE STk SR 4 55 1
SE A R R W] X SORF AR S R B A TR AR B e B A
Ry S AE A A7 7E 22 031, 33X S BRI R AiE A2 e A Sy S5 2 A0 i)
BN

3.4 DHRERBESXIEMELER SN

#: XGBoost, CatBoost 1 LightGBM #5% Bl 3% 4% A9 5 1F %
KNG, FH0 0% 3 MEREE —)25 LR A1 RF
PR ) 55 — 2 F M i — N B9 Stacking VI 2R, F 2%
nF 2 s, R 6 FORE JZ 458 @4 )5 XGBoost il Cat-
Boost H i JRA%AH 7] 19 B AG & = 97. 73% . CatBoost % £ 1)
AR R T AR R e 2, WIS B R 97. 730, H 5 4
WA L, BT [ B 2 B AT RE B RLARRE AR T, 4R T AL
%5 LightGBM Tl 462 78 v g Y LR 55 323 Ak 2O 385 50408 5 19
6 1A R AE D BR AT B O A T AR, A R K 51 98. 86 %65
[F]# . Stacking TN AL R i fff A LR 535 Ak #5635 8048 )5 1y
B O RRAE I K AR AT B A 0 T AR . KG BE ak # 98,8600 5
B2, LightGBM+ LR #f %] Stacking+ LR # 37 15 5 4 i} 4%
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Ay N 0.23 s, LR AR 2 P ITAIEAER TR AR . fR 4% LightG-
BM+ LR 4458 R Sy Th £ 5 B0 23 0 10 T
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Fig. 4 Using the CatBoost (a), GBDT (b), LightGBM (c¢), Logistic Regression (d) , Random Forest (e)

and XGBoost (f) algorithms to select the characteristic wavelengths of potato hyperspectral curves

R 2 FREEREE AR R A B B S i B 2 1 e

Table 2 Predictive performance of models using the characteristic wavelengths extracted by different algorithms

Accuracy F—Score F—Score F*Score F—Sc-ore Log Hamming Jaccard FiFting

Methods Layers /% Frostbite Me'chamcal Normal Bruise Loss Loss Similarity Time

/% Injury/ % /% /% /s

CatBoost 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.22

GBDT 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.22

XGBoost LightGBM 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 0.22
LR 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.22

RF 97.73 97.56 95. 00 100. 00 96. 77 463. 08 0.02 0.98 0.22

XGBoost 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.22

CatBoost 96. 59 95. 24 92.31 100. 00 96. 77 497. 62 0.03 0.97 0.23

GBDT 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.23

. LightGBM 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 0.23

LightGBM

LR 98. 86 97.56 97.56 100. 00 100. 00 428. 54 0.01 0.99 0.23

RF 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.23

XGBoost 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 0.23
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CatBoost 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 14. 54
GBDT 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 14. 54
CatBoost LightGBM 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 14. 54
LR 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 14. 54
RF 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 14. 54
XGBoost 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 14. 54
CatBoost 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 2. 87
GBDT 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 3.07
Stacking LightGBM 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 3.29
LR 98. 86 97.56 97.56 100. 00 100. 00 428. 54 0.01 0.99 2.70
RF 97.73 95. 24 95. 00 100. 00 100. 00 463. 08 0.02 0.98 2. 87
XGBoost 97.73 95. 24 95. 00 100. 00 100. 00 463.08 0.02 0.98 2.97

Frostbite Frostbite

Mechanical injury Mechanical injury

Normal Normal

Bruise Bruise

P RE BRI RE ) B A Tk — P T . = 245405 2 I 0 R B iR
G20 SEUE W REAS s TR I S8 B (A AR R R SRR D 5 4 A
A, BIIE A UM 35 10006, 5 3 B 57 Al 7514k B A 72 X 45
055 IEH AR Bk BE L . AT AN T 3O B 3 Ak ok
2R A 7N TS A v R A A R

i

4 2

I3 R AT 17 s Ol i B T4l R 5 ik O BR R G T g%
e G A R R RS IR . PAL B SR R A T f) B8 T
Ak BBy U 45 2R 22 S R S 2 RO X IR R Ol T Al 5
Jit ) T Ak B 5y AR 2 A Ok A R U A4 BE RO $2 7. R MMIS
B T AL PR IS B RS DR B R A - 80. 6800+ R T MF ik B
TR FRAT R e AR RS B . 96,5900, IR LT B A Bk 4
4 e ' T A Ak 2R 0k R 4R T i B D A L A M Y R
B BRMEHRE I % GBDT., LightGBM 1 XGBoost #f 4 439. 9

Frostbite

Mechanical injury

(b)

& 5 {& A CatBoost+XGBoost (a), LightGBM-+LR (b)F1 XGBoost+ XGBoost T ill] 45 R iR i& %6 P& &
Fig. 5 Confusion matrix diagrams of models using the CatBoost+ XGBoost (a), LightGBM—+LR (b),
and XGBoost+ XGBoost algorithms for prediction

nm FAAE T E AR AE AR b 7R CatBoost £ I #5884 Hr
ZPRALE TR AR S s 78 RE AR o %0 K AL
B STRRARAEZ S T A8 LR A IR b 2% 3 I A 5Tk 6 4
A, LightGBM A+ LR 22 J2 YRR AR5 fi i 10 10 531065 2
98. 86 /0 . 45 M3 W 3 4 i AE 4 R W A R AE P KPR B A
A — 8 B TE 2250 3 2 i 2 R A i i AL ik R R
TR (Y de 28 TIOR8 0 il o 40 SR 5 2R s+ HLARA A
{19 % AR A DR U o VR 1) S B AR AR s R0 Sh A
FEA R U D 88475 S 4% AR AS D o ke ) % A [ 4 A
RERPUN BE 18 A 5 itk — R T . = 290000 2 0 0 R R 4y
P SEUFHRE A L T IRF 52 4 B9 A AR o o Bl R TR Dy 40475 B
AL BIIE B4 UM 35 10096, 5 3 W g 37 il 45 R ) LAY 201X
SRR S IE R REAR AR K R D PR 1 AR A B
FRAR M B Bl Ak K 2R AR 7 i s A e T 4 A S
5 1 B 3 PO A Al B AR S A
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Investigation of Hyperspectral Imaging Technology for Detecting Frozen
and Mechanical Damaged Potatoes

ZOU Zhi-yong' , WU Xiang-wei' , CHEN Yong-ming®, BIE Yun-bo', WANG Li', LIN Ping*"
1. College of Mechanical and Electrical Engineering, Sichuan Agricultural University, Ya’an 625014, China
2. School of Electrical Engineering. Yancheng Institute of Technology. Yancheng 224051, China

Abstract The hyperspectral imaging technology was used to detect the frozen and mechanical damaged potatoes. The Zolix’s
Image~2x “spectrum” series of hyperspectral imaging device was employed to obtain the intact, frozen and mechanical damaged
potato hyperspectral data within band range of 387~1 035 nm; Secondly, the 60X 60 pixel sizes of region of interest in the in-
tact, frozen and mechanically damaged potato hyperspectral image was cropped to calculate the average reflectance values; The
reflectance spectral curves of frozen potato samples had the obvious absorption peaks near the visible wavelengths of 440, 560
and 680 nm; The reflectance spectral curves ofmechanical damaged potato samples had the obvious absorption peaks near the vis-
ible wavelengths of 560 and 680 nm, and the absorption peaks and valleys near the visible wavelength of 680 nm were significant-
ly lower than the frozen potato samples; The reflectance spectral curves of intact potato samples were relatively smooth, and
there were no obvious absorption peaks appearing near the visible wavelengths of 560 and 680 nm; There were three absorption
peaks near the visible wavelengths of 440, 560 and 680 nm in the bruised samples, and there was a significant reflectance peak
near the visible wavelength of 410 nm. Four categories of potato samples demonstrated the different fingerprint characteristics in
the reflectance spectral curves, which could be further used for the aim of potato quality discrimination. The instrument, detec-
tion environment, illumination intensity and other factors would add the noise variables to the obtained raw spectral data, so
thirdly, the chemometric pretreatment methods were employed to eliminate the influence of noise in the raw spectral curves.
There were 70 percent of the four kinds of potato samples randomly selected as the training dataset and the remaining 30 percent
as test dataset; Fourthly, the method of local outlier factor (LOF) was used to identify the neighborhood point density of the
spatial region of the collected potato spectral curves in order to find the abnormal non-nearest neighbor sample distribution to e-
liminate the abnormal samples; Fifthly, three types of boosting algorithms of extreme gradient boosting (XGBoost) , categorical
boost (CatBoost) andlight gradient boosting machine (LightGBM) were used to extract the effective characteristic spectral bands

from the potato hyperspectral curves, so that the dimensions of massive hyperspectral data for the subsequent classification mod-
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eling were reduced; Finally, the characteristic wavelengths of extracted effective spectral data were used to construct the discrim-
inant model of potato quality. The established classification model by using the LightGBM+ Logistic regression reached the high-
est discriminant accuracy of 98. 86%. Our study provided the theoretical basis and technical support for effectively monitoring
potato quality in the process of modern agricultural production.
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