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5. BEIEEIRI LS S ARV FEQH F0, BT 212013)

O TSI S E PO TR, 12 AR — PR TG SR AR G5 R I RS A ) B R
RN T, BTN, W 10 DARPHES] Q FOAR R EIRL S 5 DA RSEMRAEE), HFRGHE
PR ANA Ak A5G B 4 SR R A N L TE 4 000 AN REA . R EDGHE R e SRR ISR A DGR BIBRE R,
FEAGBEA I R A B R X SR AL P e A5 R o B X B[R TAL 35 Y6 1% %o Ak A B S S 4 2 B T 1 e
T S hR 1 IE 578 548 4 (standard normalized variable, SNV) B iE/E N AL TALEE J5v%:, 5% SNV A3 16 1 Hod 347
25081, FIHMES H w948 (stacked auto-encoder, SAE) XF FALBE J5 B B £ 6 1E B SE4T [ 4E, T SERRI4ER
AT e, Wit SAE IR I WS HHTIER %), BEIEBHES A MDA (transfer stacked auto-encoder, T-
SAE) #7, IRUFE TCRE A B AN PR B iR B 22 SR 2 (R R R R 1 . 45 REEW, BT SAE FEHUR BEARFE I SCRF IR i
B (support vector machine regression, SVR) A5 ARG T6 it PR 5E BOA el P45 by = - Jr b 35 R R ToUI RO R B o . Toi:
RBE A Rk A 855 P BT 22 1) SNV-SAE-SVR BB PERERG 4, THINAE (I p e R AL (R 977 HRI% 2 (RMSEP) FIAHRE 434
®# (RPD) 43 %14 0.850 7. 0.034 66 mg/kg A1 2.607, 0.876 6. 0.028 54 mg/kg A1 2.732. Ih4b, T T-SAE HEHURFE
fER SVR MY A8 RS O REFR BRI REPR B sh 4 S BT, J0H: SNV-T-SAE-SVR R BRI FiUI4E (¥ R, RMSEP I
RPD 371125 0.881 0+ 0.027 48 mg/kg F 2.966. HFFLLE HRH, IR 23 J7E4 & ot G B M B R e A
RSP B m A
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AR, Aol 3 E 4 8 VT Y N — AN R AR R R
(e B A EE ) i, B (Zine, Zn) AMEZRAIED) L FE 1K)
MEICER, MHLAEFEANR@BENESE. Y TIEHW
BRI e IR, R E I AO A PR 2 AP
YN E & —Fh R A N - R R s A [ 5
&)@ DK B e B EoRD DA R R, e
PREEA R R B 0, IE e (— EH
A BEIR EELE 10~100 mg/kg) A LMESHEMIAE K, 1
SRR (—RAEYH AR EEIR KT 100 mg/kg) £
SR A I AR FEE M AR K T R R A g R, oAk,

Wk H #E: 2024-04-30  EITHHE:  2024-07-01

HEETH: BEFAARFRESEFRLESTH (32201653); 1 EH -

Jo Rk %3 & T H (2021M701479) 5 I J5 K & Rk TR % 3 00 H
(NGXB20240202); VLI K% RZAERPHEB LB E (Y23A093)

EF i A&, WL, WL)E, M#e, mLESm, B mhRE
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HAESREREENBEETRER T ZHNA. 2
TR, EAREEIR B MR T, ARV =546 8 I
o2 B B ) FELAS,  F350OH 0 H1 4 8 I AR 2R RE ) FAIK
S BB R REIR BB = I, VRN 356 R IR
BE 02 AR, T AT RERT IV E I SR S DT
DL [ BRI ], 35 T A e o & AE 2.1~
681.4 mg/kg 2 [M™. H AT, B A AMKAEY) E S8 A0
Ik R BEARE JIE R T ROE RS A S T
A B o 1 ROV R R A S R R R 2, X
B Ay, 2 I 7 v AR e S BN B 4 e B YR = A
(R ER . A K B R B B . Rk,
FRFPPOE F R TOH R o REI SR R PR 5
MBS BRI R AT, AR T A A 10 45
BAEERN IR ES)E.

A WL YE-IE 2L 4 E 1S AR FER (visible near-infrared
hyperspectral imaging, Vis-NIR HSI) & — Fh 5 # f9 & 1E
G BAMEOR, SO E EMEGRE T &, %
KIURAVEDI G BB, BT, ZEARTEESR
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e FEYME B s —e . mEREXR
H Vis-NIR 5 1% A8 35 AR S5 O il 3 86 B2 347 1 43
AT AT 5T, B G S e B /)N — 3 0 43 At (partial
least squares discriminant analysis, PLS-DA) A5 7 %} 4 Jiy
B E SRR MIAERR R L 3] T 95 %', CAO %R Vis-
NIR 757 ' 0 AR A = i B 2 B, BT S iy
W BT A SR A SCHRF IR EHLIENE  (harris hawks optimi-
zation support vector regression, HHO-SVR) 15 7Y 8 % S
PLEY S B R RS AR T, FENG 25 FIH Vis-NIR &t
T EURHORZ5 G A 1t B 2 D7 R R 12 B e R Ak B g AT
S, WEAURIUR A Se 41 B & R E AU EYE  (competitive
adaptive reweighed sampling, CARS) 4% & 1 fi /) — 7 [
VIR (PLSR) fedERAA I R pda & &Y. Yu %
KH Vis-NIR =1 0615 R R G 25 -G 18 5 2] S I A
AR B HEAT T 70 KRBT IT, 45 RK W] Vis-NIR HSI fg
A 250 ST B R Mo 3 1 s e U A AT A, B
ST IRE 23] (deep learning, DL) 545 N2 &t
W ERME B Ed, JEEUE T4 B8 H KRR, &
XA EAEYE BRI, AL G0 (IR BE 5 2] T /7 E Mk
TG I MES, BEEK BRI, e ik
DA AL R sk 708 B sk W Bz A Be 7. 1T 5 2

(transfer learning, TL) 7 AR AT 45 2 [ AR AL, X
— A ANFAE SR AT S HOR, IR SS  R
A FAE B 3 H AR AR5, AN Insd 5 > i 72 JF 4R
FEEE R )z A BE A HES E 4D 88 (stacked auto-
encoder, SAE) & —FhRES 5, viEddAEZ1NE
Yt Ay 2SR A VR B S 25 AR, AT SR HORE = 2
SR AAFAER, T A HE S [ 4l 8% (transfer stacked
auto-encoder, T-SAE) &1E SAE H kAl B, 3| AL
2 S IEE A, RIS 55 b b i B A ke it
HARIAT 55 1025 SRR, Rk, ASCR A T-SAE $i%
XF i G IR R E R R AT TR 2 ), BT RN
F T Jo Rk PR AN A T PR B vyl SE i i B B 2 TR AR
FH L AR WARIE

AR EDGE G TR IR, dai it &

SOTERR BT 5 21 J7E, B R B A i A 5
rhl S i B AR A S BT R E BRI, DUHIRE
BT 1 PG TG AR W AR ST BTG Fiek A 58 R A ek PR
rh S R B B I A B AT AT M AR R B RS 2 ST
TR i v JC Ak PR S5 AN G ek PRI v it SR vy R DK
AT R

1 RS

1.1 #ERH &

RIS AR 10 SISk, RAZEE SR 7
ITHSEREARRE B o FEARE B HUSTETL IR K ZEREAHE Venlo
BB =R HAT. BRBRMILMME S 24 (Z4H
M zZS M), ®MAAH 5 MHERFZEA, AW IE R
8 53] 3 LI = o TR IS I e AR 400 AN, BRAR BTN 3R
HHFEA 2000 4>, Eit 4 000 M FREA . Hodr,

ZHATHEREEH Zn B e A2 A, B Z1.
72, 73 ZA RN Z5 5y HIROR Si REEIRE SN 0, Zn
i # A 100, 200, 300, 400 Al 500 mg /L, LA
ZnSO,7H,0 JEAXBAT A K] ZS HAFEMEEH Zn
38 R SEREA 4, BEE ZS1. ZS2. ZS3. ZS4 Al
ZS5 43 A3 oR St FREEIK FEY N 600 mg/L, 1] Zn BB K
#9100, 200, 300, 400 1500 mg /L, LA Na,SiO;*9H,0
H1 ZnS0,+7H,0 & 2N HEAT A BC il o o S AE AR A K S )
GEREN S RN 228 IR A 2 3 877 i 1)
BN 600mL, KT 7:00. 12:00 F1 18:00 =A™ B it
TR FIBERE, ARk 20 mL, HELLREEE 10d. WHISEH
FREACR AL R AE W iR B e e Rk 7 d JE AT, Rt
A REA R AL SE UG T bR, SEZIIE AR SO AT REA
EGIE BB E BR .
1.2 Vis-NIR SXiEE G EERE
Vis-NIR 75t it G (5 B R4 R 4 2 il e i ik
154% (ImSpector V10E, Spectral Imaging Ltd., Oulu, Z+=%).
CCD #H#L (Zyla 4.2 Plus, Andor Technology, Inc., %< [E) |
2 150W OREF i E T s & (SC30021A, Zolix,
b0 MBS EHR . Z ARG H MR 431.05~
962.45 nm P BTG A 618 NMEIEEIERE R, eig 0wk
%y 2.8 nm. CCD MG FEA KR IEH [ 5 & N 50 ms,
HEIAL RS & N 1.26 mm/s. N TR IE B T RN IS
HL LN G s, @ FH 26 1 7 o B SRRV F A
SE R AR R BT 100%) 43 B3R5 45 M Ax e
B R, A AtrE BB R, BRI ERAS Lk,
PARFIPR I =GR R Ry, %N (1D #HATRE,
M7 EIAZ IE R RS
R,—R,
R=—"—22"
R,—R,
K H ENVI 4.5 B AR5 Vis-NIR &6 3 5% 15 B
BEAT AL EE, K BN G SR AR AR AR D RO R X
(region of interest, ROI) . Vis-NIR 75 )t i ROI £ 5 K
LIBRWE 1 R, REFEDROT: B4k, @t
T SR AR XS, 79 2094 BT B A R 6 6 1S B
(543.16 nm F1 673.25 nm) , FFF| F ¥ & 2 [8] (1) Le 5 A
BT B G Hok, R BB 5> BERT L G
ITAEEE, AF AENMAEIR, RbBIEREN 1.5, &
Je, ¥ A AR RGN FHTE 3 — A AL B S IR S A
eGSR S S s e B AE R .
SRR ROI WETH G L E el (E R, JRR
VE N NEATHE— 2D b B
1.3 EEBEHIENNE
Vis-NIR @&tk G5 BRETE KRG, RAEET
AKX SR 3BT 3 WRiE V. K S A REARAE 120 C
TR R TR A R B R R, AN T S A
AR ARFREE A 0.01 g AT KIGEFIRIOE IS (flame
atomic absorption spectrometry, FAAS) %€ Zn & & . 7
JE R T IROG I (FAAS) I5E Zn & B0 HERE 5ok K
FREUIS:E R 0.05 go HUBEZARHE (GB 5009.14-2017) 2

(D
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 FAAS VENE Zn &5, TSR RE AR R AR BRRE
OB R S WO T AR AL, X B R L T B G TR
TSGR (ZEEnit®700P) 58 5% 42 )& Zn Frifk 22
e, @I B 3 NS P Y R AT REAR Zn
Fr AT . B R L — DR R SR B T R TR
SENE LR Zn SRR . o, KGR TIROIE R
IR PERE TR AR BN R R B S B R I BRI,
PN 213.9 nm. JEIEHTSE 0.2 nm. XTI 3 mAL B

Lo fE AL 2
Sheffield index

A

543.16 nm/673.25 nm

s FEDEE 5

Original image

=R EAESEEA

e 2 i

Note: 4 is the number of spectral wavelengths.

B 5 1
Image segment

N =

Ratio processed image

Sk 3 mm. A& 9 L/min A1 Z 5k & 2 L/min.
C, T (mg/kg) MFHE AR T:
(d,—dy)-V
Co = W 2
Kb d, RoRFFMFEHEALR S Zn 5 &, ng/mL. d, &
INA R Zn 5 &, ng/mL. VRN HABRI SR
B, mLo m R TEEATFEM R, go 1000 KA

EUAY e
Apply mask

-

M 5
Mask image

ROTHEDEIE &
ROI image

B 1 VisNIR #ti# ROI 438 R & itA2
Fig.l Vis-NIR hyperspectral ROI data acquisition processed

14 REEELEEZX

T SIS B A ATIAL R, AR Savitzky-
Golay (SG) “FigHEP) brifk EAZF 45 (standard
normalized variable, SNV) P4 —B 44 (first derivative,
FD) Fl =44 (second derivative, SD) &£ % ROI
SRk AT R HE

K ZE B 43 4 #T 7% (principal component analysis,
PCA) PO H#AEFHEHNE (successive projections algorithm,
SPA) P71 AR5 B AR BT (iteratively retains informa-
tive variables, IRIV) P8 F125 & 45 A AU 4% (variable
iterative space shrinkage approach, VISSA) ) i g {3:Fikb
Ja VS B AT B PR 4. R HES A b4 (stacked
auto-encoder, SAE) FliTAZHES H4mig2s (transfer stacked
auto-encoder, T-SAE) $RI & 13 FAL BE 5 Y6 i £ HO R B
RHAIE
1.5 SAE B%

H3h2mi% 2% Cauto encoder, AE) T3 = ZE /&4
HARBREREANZ. BEEMHEPY. g

(Encoding) NN JZ R EJZZ BB X R, D

2 (Decoding) MR 2Rt E 2 B PIBLE KR .
HES H 4mfidss (Stacked auto-encoder, SAE) & H & 5 AE
SER) BN R AR JE ML M 4%, B SAE /&£~ AE HE
BRIIE . SAE X JC I B 2028 % 2 Wil 4k 7
TR X 2% JR T Il A W A R A i 2 g5 P 5
— M AE WS B HEERNE A AERREE
BN, WIGEHE, BHE—A AE WEREEZ1HHAER
SAE $2 U5 2 RHIES B
1.6 T-SAE &3k

IS H IS Es (transfer stacked auto-encoder, T-

SABE) HEPFIER 7 AT HES A gmidas (single-
model T-SAE) FIXUETIER S HHmIZEE (dual-model
T-SAE), A KA TERME S H ML LE (dual-
model T-SAE) (175 :0P, ZEMIE 4 A1 C. BRI C
VR FE 28 e R AR (PRI JEmb B (B 2), BRI
AR IF A FIC IR FE 2% 58 RAR YN SAE Model
1, B I C MR 4 /BN SAE Model 2, 2T if
F&5 210 T-SAE BiEH T #57 AL B fl C = Z IR
MR R CHARE) « A A N IEREFR S
S Vis-NIR g6k 3o, B oA fE IR s i
Jr 11 Vis-NIR =i, C gt Zn & &

%} SAE Model 1 #l SAE Model 2 #5745 4% 2 $ /2 75
AHEEHAT FE, WERMIE, BT T-SAE TR 2% 3,
WSRAAEE, W FES T-SAE T ME T FRAT &,
% SAE Model 1 M %4 )Z405 m, SAE Model 2 ¥ %% J=
BN n, m<n. N T UREF T-SAE iT % %= 3] ik #2 /b SAE
Model 1 A1 SAE Model 2 W 2% 2 ¥ 7], 7 R ¥ SAE
Model 1 P45 BJIR FERFE JZ S HA L HIHTH2 T, ¥ SAE
Model 1 M4 ZHM m BV 2 n 2. HZOHHHE 77
J9: UL SAE Model 1 MZ8 WEE k JZ0 R EIZE k+1 JZ 4101,
55 ket 25 S Y S A R R,

1
Yi= '8, (X, +by) (3)

p=1
P X, 9 SAE Model 1 4555 k 258 p 19 RUKIME, wy
N SAE Model 1 2855 k J255 i 5 RUBIEE k+1 258 1T R
(IR R %Y, bi; oA SAE Model 1 4855 k 25 @ N5 5 3
Bkt JZHEE AT W E, S, 9 SAE Model 1 % £%
GG R =1,2,3,...,0; j=1,2,3,...,Io p A SAE Model 1
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90 286 FH R EERFAE S 1R 1 R A

re-learning S FEE A 7 N N
relearnin R IERFAE Jsk
Depth features .
N Source domain
L@\ r
e g
@ . —> Output C
(. l\
TN 442 Output layer

Pre-learning
network 2

B. SAE Model 2

+ »

1
1
1
1
1
1
1
1
1
1
1
1
i
1
iz i
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

ERze

Target domain

] I
1 I
I I
I I
] I
1 I
I I
I I
] I
1 I
I I
I I
] I
1 I
I I
i oputA - e o Output C i
I

1 and B P 1
I I
I I
] I
1 I
I I
I I
] I
1 I
I I
I I
] I
1 I
I I
I I
] I
I

e A NERERET A SR A 9 Vis-NIR & 6% H0E, B WA RER ST
SN IR Vis-NIR il #dii, C J9ihisen b Zn (5

Note: A is the Vis-NIR hyperspectral data of oilseed rape leaves in the silicon-
free environment, B is the Vis-NIR hyperspectral data of oilseed rape leaves in
the silicon environment, and C is the content of Zn in oilseed rape leaves.

B 2 T-SAE REEAHF J A M T
Fig.2 T-SAE deep transfer learning model construction
FRIE SAE Model 1 WNZIREERHIEZE S HAE, w;
BUEAND; BUE AT -

_J0,i#j
wij_{l,i:j 4

LA SAE Model 1 P25 5 k 29 FEEIEE k+1 )2 1007
BB, —HRE ¥ SAE Model 1 4 ZHUN m |2
VEE n 2. 58 SAE Model 1 W& 258 5, 34T
H FrI) T-SAE IR FEL#% % S B AR i (T-SAE Model
D, AWK 2w, Hf, T-SAE Model 1 87
(757 RO B (SAE Model 1 AT SAE Model 2 #:7)
HHTN RN 48 2 B RAF R G5IRAS, TR B BB 1)1 5
W28 2 BB, FEAEH >R B H AR 8300E % T-SAE Model
| B E RIS EOR, T IR BRI 2
1.7 SVR &%

AR HET TR B AT JE O A L AR AL B S KRR
B B g o TAL B R P R A 5 0 3l 2 AN [ S
Fr Al EAHLE A Csupport vector machine regression, SVR)
BRI, SVR Sikik FI UM% s ¥ RBF M sk, Hop,

2 000 NICHEF I H R AR 19 S Vis-NIR St ik 20 ik
EEARSE Z 1, 2 000 MAEEMEEHCRE R - Vis-
NIR & i #H8 i e 0 H5 42 ZS 1, 4 000 MR EE A
T35 T SR A A SEH A Vis-NIR 6 18 540 iOrE B 4
778 o K = 2 B o R 311 B ER A 43 I S R TR
ML, TCREASE R R 4R Z A R B h BiE 4k ZS, il
SR AL AT SR AR HRI 43 3 53 SR 1500 AN A 500 A .
TCHREA A REIR S R B 5 2ZS, I GREE AN Tl A2+
AEAY AN 3000 4SF1 1000 4. For, R TARIEFTE AL
MR B Bz A RE 11, B4R 2ZS R I ZRE
FEARY SR A T H3R5%E 7 AR E ZS Ml GEREA,
Pi4E ZZS Tl R B B O T T S A

2 HBRESH

2.1 Gl A ARISERE AN R FEBAE S

TCREIRESFIA R SE AN ] Zn < FE I8 R I8 A
P Zn SRR RWE 3 Fias. WE 3 RaTLEH,
TERRER G R %S Zn WHE iR BERE N, Jh3E
P zn SR BT EMFERAEARE T, &
WP REPR B Fh b et Fr v Zn S 838 TG RERR B S
MR Zn B2 24 Zn WrEIREE 53008 1004 200, 300
400 F1 500 mg/L B, A REFREEFITCRE R SR A 2 s
bR Zn & & Z W5 A8 1340 2,530 3.10. 2.67
331, MWNERTTLUEH, AR IO REIR 5L A 5
S BRF34) Zn & & 2 b AR Bk B 23S0 5 1
D XN AR 3, X — AR A S R A
18N R AR PR 5 S o SR ) A DG
g A — 5,

) =~ 900 821.25
I‘Q‘E‘i‘) 800

=25 700

"EE

B2 < 600

Sez w0

=22 a0t

;‘—Eﬁ g 300 -

= o

K g?ﬁ 2001 101.62
a‘éé 100 [7442 9945101

0
Z1 ZS1 72 7S2 73 ZS3 Z4 7ZS4 75 ZS5

A JE Zalf a2 )
Stress categories of heavy metal Zn

B3 RARSEAA AR T Zn M TibEet A e
FH b
Fig.3 Average Zn content in oilseed rape leaves under Zn stress in
both silicon-free and silicon environments

AN Zn 3B R RS A REIR BT g A
ISPt f 28 i 4 frok. W 4 R LB, B
) Vis-NIR P35 6 1% &8 2 30 o AH [F] ()28 4k ke 35, #HIH] Zn
Foip 3 3R B T T Rk P B AN A R A 85 rh g SE I A Vis-NIR
el S RAFAEE T ST 4 iTLLEH, ASFE Zn
FoIR 36 94 P T I Rk A 855 R AT e BRI v SR ST ok i
M2 f7E 25, Hk, FIA Vis-NIR itk G096 5 2 sz
TCHEIR B A FERR S b it Zn & 20 E
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| — 22

S K Reflectance
S K Reflectance

S K Reflectance

550 650 750 850 950 450 550
%K Wavelength/nm
a. ZnfPpa % 4100 mg L
a. Concentration of Zn stress
was 100 mg-L™!

oL
450

J % Reflectance

850

550 650 750 950

%K Wavelength/nm
d. ZnfM B 5400 mg-L!
d. Concentration of Zn stress
was 400 mg-L™!

450

650
%K Wavelength/nm

b. ZnfPpi ik 4200 mg L

b. Concentration of Zn stress

was 200 mg-L™!

J % Reflectance

550 650 750 850 950

%K Wavelength/nm
c. Zna e 300 mg L
c. Concentration of Zn stress
was 300 mg-L™!

. . . oL
750 850 950 450

550 650 750 850 950

%K Wavelength/nm
e. ZnJPpia % 4500 mg L
e. Concentration of Zn stress
was 500 mg-L™!

0
450

B4 F Zn ME0RE T AR AR AR T b E ot b 69T 3 kv £

Fig.4 Average spectral curves of oilseed rape leaves in silicon-free and silicon environments under different Zn stress concentrations

2.2 Vis-NIR JiE#iEfmat e

ANFTAEER f5 Vis-NIR S Edan&l 5 Fs, MES \r
PLE AN A AL 38 5 e vl th e A B = e e . AT
AEF 5 Vis-NIR YERdEE T 1 SVR BHEE BANE 1 iR,
MF 1 ATCAE H, EE AR TR Vis-NIR Hik 4
PE AT @I Zn WRZ TN SVR MR M REAFAE 22 5. I
o, SRA SNV FALHL S [ TCREFR B Vis-NIR 6 i 54
FITREE I SVR BRI RER f:, TRAE R VesE 25 (R -

J 5t % Reflectance
S 4 % Reflectance

KU RMSEP) ARz RPD) 4391190.7657.
0.041 19 mg/kg 1 2.309. R SNV FiAbER 5 A T3R5
H1 Vis-NIR i H04E BT i g 1) SVR BB R ILELAE, il
# R 9 0.851 8, RMSEP A 0.036 41 mg/kg, RPD Hy
2.649. FIH SNV 435 I EHEATE REFR S H Vis-NIR
TR TR 1 SVR BRI RE A EUAE, RN 0.878 1,
RMSEP 5 0.028 86 mg/kg, RPD 4 2.740. Hith, A C#
X SNV b3 51 Vis-NIR il Edfde T it — D b b 3.

J2 4 % Reflectance

550 650 750 850 950 450 550
% Wavelength/nm
a. ROPTFHi%

a. ROI mean spectrum

oL
450

0.020
0.015
0.010
0.005
0
~0.005
-0.010 |
-0.015

J 5 % Reflectance

650

K Wavelength/nm

b. SGALHILJ e i
b. Spectrum after SG processing

—0.020 “
450

850

550 650 750
%K Wavelength/nm
d. FDALHLJE g i

d. Spectrum after FD processing

950

550 650 750 850 950
1% Wavelength/nm

c. SNVAL I g it
c. Spectrum after SNV processing

750 850 950 450

1.5

S
= 10
8
g
g 0.5
3
& 0
o
& 05
I
1oL . . . . .
450 550 650 750 850 950
K Wavelength/nm

. SDAbH 5 itk

e. Spectrum after SD processing

B 5 FRRIEEdFEe At

Fig.5 Spectral curves of rapeseed leaves before and after pretreatment
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#z 1 ETFTAERFALIERE Vis-NIR RIEHIEH SVR EHRILER
Table 1 Results of SVR model based on different pre-processed Vis-NIR spectral datas
— - i S— 1)||?E% Calib‘ra;ion set ____ S Tﬁi}ﬂﬂ‘% Predi‘ctior‘lusef S—
Dataset  Samplenumber  Pretreatment UII,E%G%ZE%%( U”(E%ﬁ]ﬁw%j}_ ?ﬁd\ﬂ’%{}%ﬁ?:%( ?ﬁuﬂﬂ%ﬂﬂﬁmf% AR AR 2
R, RMSEC/(mg-kg™) R, RMSEP/(mg kg ™) RPD
Raw 0.792 9 0.039 33 0.638 3 0.051 01 1.132
SG 0.7717 0.041 11 0.630 1 0.051 54 1.157
7 2 000 SNV 0.886 9 0.029 36 0.765 7 0.041 19 2.309
1* Der 0.817 8 0.037 09 0.7322 0.044 24 2.088
2" Der 0.8473 0.033 90 0.744 7 0.042 99 2.239
Raw 0.8323 0.035 16 0.659 3 0.058 26 1.411
SG 0.8105 0.039 32 0.653 4 0.059 21 1.390
SNV 0.966 2 0.016 79 0.8518 0.036 41 2.649
zS 2000 N
1" Der 0.862 6 0.035 08 0.809 6 0.038 13 2.491
2" Der 0.898 6 0.024 97 0.8313 0.037 63 2.526
Raw 0.850 8 0.037 80 0.749 5 0.042 49 2.244
SG 0.688 8 0.056 17 0.642 7 0.064 07 1.299
775 4000 SNV 0.986 4 0.026 52 0.878 1 0.028 86 2.740
1* Der 0.913 8 0.030 88 0.807 8 0.036 43 2.485
2" Der 09145 0.030 22 0.857 1 0.035 83 2.687

e Zy ZS M Z2ZS 53 HIAR R R Sl S VIS-NIR JGHE 8ol . A REFR S il 3m A VIS-NIR D't B A G REAN A REFRSE il 3 m A VIS-NIR il £t
FIA. Note: Z,ZS and ZZS represent VIS-NIR spectral data of oilseed rape leaves in the silicon-free environment, VIS-NIR spectral data of oilseed rape leaves in the silicon
environment and VIS-NIR spectral data of oilseed rape leaves in the silicon-free and silicon environment, respectively. The same below.

2.3 HiEPELE

ACKFH PCA. SPA. IRIV 1 VISSA4 Fft b4 4k 515
X SNV i &b FH J5 1 VIS-NIR ¢ 1% 5 98 3t 4T B 4 ib 71,
JRIGBAE R R RIREE Z. ZS F1 ZZS. PCA XH¥E4E 7.
ZS F ZZS B4 5 A TR = oo 0 ) R AR DTk R a0 6
fiome HFE 6 ATH, PCA &5 1 ik A 55 b B 46 Z.
HRER B HIEAE ZS A RE R AT Rk 3R 5 b B dlE 4 z2zS
IERAE I 5. 15 F1 11, BRTTHREST19 97.11%.
99.68% F1 98.12%.

3 Fh A LE S SR S 2. ZS RN ZZS P& 4E e BB
FEAEA AT A 7 B B 7 el LUE H, TEREFREE A
25t SNV AL 5, 3 FRRAE I VPR AU Zn AH G ER
AECRE B2 99 15, 66 F1 178, A iR 45 SNV
MPRE, 3 FRFIESRBUR VAR ELT) Zn M OCRRFIE G 1E £
BN 22, 63 Fl 169, TLHERE A A REHEE 2L SNV
MRS, 3 APRRAESRE VAR I Zn A OCHRRAE L T 200
AR 53+ 113 A1 189, = Fhr fiF $2 HU 5L 159 2 1) Vis-
NIR Y 1% 4 A 3= 40 A5 78 A 450, 5504 670, 760 910
1960 nm Ay HF LR UT . HAdr, 450, 550 A1 670 nm

o Z-SNV-SPA-15
* Z-SNV-IRIV-66

o ZS-SNV-SPA-22
* ZS-SNV-IRIV-63

Fr A AT LG X a3 PR B 3 B AR
B OOHgR, KW MR, BHERAHEERS) ol
B4, 760 nm 0 i K BRI A 5 KB < O-H B BE 12
A = ABSRAZEARCY), T 910 1 960 nm g 0o ipe KB
SRR C-H AT O-H B AE 11055 = A5 AmA 5 — A4

120.00 Zz8

e 2

9,18
97.77
97.97
4
98.12
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99.61
99.65
99.68
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B 6 PCAAEEIR EZASHT ) EARTHRE
Fig.6 Cumulative contribution rate under different principal
component numbers after PCA treatment

o ZZS-SNV-SPA-53
* ZZS-SNV-IRIV-113
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a. Extraction of Zn-related features in
silicon-free environment

B 7

V% Wavelength/nm
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b. Extraction of Zn-related features in
silicon environment

A AR R I R F B B IR T Zn A) KA AR
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. JCHERIAG PR BE h ZnAH DRI G 1 R4
c. Extraction of Zn-related features in silicon-free
and silicon environment

Fig.7 Zn correlation feature extracted by three feature extraction algorithms in different environments
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4 Fef s B oAb 3 i 54 2 S0 SVR AR 4 sk 2
Fime MR 2 v LAE H, T AR Bl e 4t 05 i Ak B s
(1) Vis-NIR Y i85 £ it 2 37 (1) Zn 3 B T SVR BEAY 1)
PEREAAAE 2. Horf, SRA SNV-SPA 4b ¥ )5 ) JC ik 3R
B Vis-NIR SR 2005 Fr e £ 1) SVR 8 M R, T
W 4E/ R RMSEP 1 RPD 43 %l ¥ 0.781 8. 0.040
37 mg/kg 1 2.417. K SNV-PCA 4B J5 ()46 i3 35

Vis-NIR Y63 5048 AT i 22 1) SVR ALK B, U4
() R, A 0.859 3, RMSEP 4 0.034 91 mg/kg, RPD A
2.655. FIF SNV-VISSA Ab# 5 i) TCrEAG i B Vis-
NIR Y6 0% B8 BT i 22 () SVR LRI PR Be 1 A e tE, R M
0.856 8, RMSEP & 0.043 61 mg/kg, RPD N 2.652. &
TR B (1) SVR A5 B TG #ek: FAT ek B 558 v i S 1
Zn SEMTUNVEREE frdE— P8I Bk, HLERZER
BAREOR IR = A A A

*2 ETHIDGERIEN SVR RAL

Table2 SVR model results based on spectral data after dimensionality reduction

— - RhE S 54 Calibration set T4 Prediction set

Dataset  Samplenumber  Pretreatment ZETE R WG ERHIRIREE TSR E R BUNERIRRE X TR E

R? RMSEC/(mg-kg ") R} RMSEP/(mg-kg™") RPD

SNV-PCA 0.8238 0.035 69 0.755 5 0.042 61 2.263

SNV-SPA 0.907 4 0.026 44 0.7818 0.040 37 2.417

Z 2000 SNV-IRIV 0.862 0 0.039 07 0.728 4 0.044 82 2.060

SNV-VISSA 0.879 1 0.038 92 0.770 7 0.040 84 2.359

SNV-PCA 0.929 8 0.016 75 0.859 3 0.034 91 2.655

SNV-SPA 0.898 1 0.023 21 0.828 7 0.038 12 2.511

ZS 2000 SNV-IRIV 0.924 1 0.016 98 0.8123 0.038 96 2.494

SNV-VISSA 0.900 1 0.022 75 0.848 5 0.035 04 2.592

SNV-PCA 0.8872 0.033 14 08538 0.043 83 2.650

775 4000 SNV-SPA 0.960 8 0.013 83 0.838 6 0.049 03 2.535

SNV-IRIV 0.963 8 0.013 57 0.842 6 0.047 92 2.588

SNV-VISSA 0.974 4 0.012 35 0.856 8 0.043 61 2.652

AR SAE 550 SNV 52k b 38 5 111t 1 £ 4
BT ERFAE ORI, 3T SAE BBV FEREE BT & 57
) SVR R 45 5Nk 3 fion. R 3 W LLEH, XFH
— B RSB REM BT ) el didl, T SAE
PEHU IR B RFAIE ) SVR BB PEREAT 21 T i — 20 (13 i
o, WFEIEE 7 CHERSTHEm A, Ardsr
[f) SNV-SAE-SVR R R I HE, F4ER R,>. RMSEP
1 RPD 43 5 4 0.850 7. 0.034 66 mg/kg Fl 2.607, ikt
B RN 618-481-381. LA R R IR SAE & Z#H4
JCHIER . B0 [618-481-381] Ko N JZILH 618 4
Zon (RS IR N B ECN 618 1), ML H AL & A
B Z AR 2 B 2 o 481 A1 381 A B — A

&2 (91 M5 4D BN SAE W& %t (Bl SVR
RN o« X T 5048 48 2S O R 3R 885 oh il 2 o 1 e
&), FREESL ) SNV-SAE-SVR i % Bl i 4, T 4
() R,>~ RMSEP #l RPD 43 54 0.876 6. 0.028 54 mg/kg
12732, BAERERIRE N 618-531-441. 14 T Hi 4 45
778 (THEMRESFIAREIR S s et READ , BT ar i
SNV-SAE-SVR B K WA AE, FM4EM R, RMSEP
AT RPD 43 54 0.839 4. 0.036 35 mg/kg Fl 2.549, #xt#
R E N 618-511-391, %A REATI SR & 5 T F—
W (CERERBE B RS IR B FAE AT 2 37 SVR
RIMERE . DL, AT 9T R T-SAE Sk LA = 7E

FEERRSFERIAT TR 58 i S P o B 5 B A PO HE B 12

3 ET SAE REREVREFHER) SVR RBULER
Table 3 Results of SVR model based on deep features extracted by SAE

JIIZ54E Calibration set

THM4E Prediction set

iR 4 o i Gl — SN - Prediction x
i RIIUL NHETE AR AR ARGE | BNERERE | BWREARRE | AANRE
R? RMSEC/(mg-kg ") R} RMSEP/(mg-kg ") RPD
618-481 09129 0.025 38 0.809 5 0.036 74 2.490
618-481-381 0.939 3 0.018 22 0.850 7 0.034 66 2.607
Z-SNV 618-481-381-273 0.928 7 0.023 64 0.8201 0.036 94 2.509
618-481-381-273-260 0.906 2 0.029 18 0.804 6 0.037 07 2.463
618-531 0.9532 0.014 57 0.866 2 0.032 52 2.661
618-531-441 0.963 4 0.012 97 0.876 6 0.028 54 2.732
ZS-SNV 618-531-441-271 0.938 6 0.017 31 0.8409 0.036 29 2.583
618-531-441-271-191 09197 0.023 16 0.8258 0.036 70 2.517
618-511 0.887 8 0.033 26 0.764 3 0.042 97 2312
77S-SNV 618-511-391 0.912 8 0.024 87 0.839 4 0.036 35 2.549
618-511-391-269 0.8147 0.039 11 0.749 1 0.043 78 2.245
618-511-391-269-229 0.8133 0.040 15 0.738 6 0.046 86 2.198

FIFH T-SAE #28 (RUSEALTA S A 4midas (dual-
model T-SAE) ) X i 3 H 04 Ja 4 i DI ik A 155 Hh R B X
28K RN SAE Model 1 A1 FeE 4 355 HH 1R 5 190 4% 5
RN SAE Model 2 #EAT IR BERFAE2: 2] IEFE, SERK T-

SAE Model 1 #8 M5, Hor, JCREMEEFHAE Zn WRE
TOUI P o AR TR 2557 ) 2 AR RUBE D 618-481, A TEHR
B HROANIE] Zin e B TR0 (4 B £ TIN5 2 =T I 28 A5 0 R
9 618-531, NI T-SAE #1524 ({1 47] 4G 3L A% W 285 15 1Y )RR Oy
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1236-1012. 2T T-SAE $EHU IR EERFAE 1) SVR HER1 45
RUE 4 fion. BR 40H, ST EERENE RS
HRR S o REAS, BT EESL ) SNV-T-SAE-SVR 4 7Y %if
Zn B TN ERE B R, TM4ERY R, RMSEP Al RPD
237749 0.881 0. 0.027 48 mg/kg Al 2.966, AR R fEF
A 1236-1012-812-571. MZERTTULEH, RETRE
IR B B P M A R S A R S s Zn
BRI, X0 T8 5 IR FE IR 2 SIS A I S A

P G R R A BRI CY ADREAE R e P B &
R e 7 () 4 A — B IR BT RS 2 5] S R A 3t
Y CR— R B AR N B R Zn A IR
JE5221 SAE B JRIEHRHE, 1EA B 5 517 SRR
JE W% S HAT RO, R TR ST AR 2 2T
Hbrisk CHREMTCREIF S h E )8 Zn kD 22 ST HESE,
SRR N e B JE Zn RIS Y (KRS FEATZ A

op
Ae/Jo

4 BT T-SAE ZERVREFHER SVR RELER
Table 4 Results of SVR model based on deep features extracted by T-SAE

Ik 4E Calibration set

T4 Prediction set

]
RRIUL TEERERE  NGASSE | DOVRIGERE BRI AT
R, RMSEC/(mg-kg™") R} RMSEP/(mg-kg™") RPD
1236-1012 0.949 6 0.016 04 0.8356 0.031 39 2.522
1236-1012-812 0.956 7 0.015 28 0.8579 0.030 73 2.634
1236-1012-812-571 0.970 5 0.012 04 0.881 0 0.027 48 2.966
1236-1012-812-571-308 0.969 8 0.012 82 0.868 0 0.030 28 2.697
1236-1012-812-571-308-223 0.943 4 0.016 39 0.774 7 0.040 57 2.378

3 & i

TEAR T A, WL FIE T B HEE H 9 2
T-SAE (transfer stacked auto-encoder) %%% Vis-NIR /&
HiE R G R  (visible near-infrared hyperspectral imaging )
BRI S T TG RE PR AT R AT i S R B S R
ECERE BRI, L S RE S ALEE SVR - (support
vector machine regression) A5 A1 X JG Tk B4 55 R A 1k I B
HSE e Zn B ETRIE AR, AR A T AR 1 TR
SERHLR, (the coefficient of determination) F1¥ J5 AR i%
# RMSEP (root mean square error) 43 %l A 0.839 4 Al
0.036 35 mg/kg. A SCHTR FH IR FEIL 7% 2 IR A Ry o
2R IR R R N Bl PR 2 S WAkl i
B, g SEAE R I AR A A 30 2 A S AL - R R
JEAR A TR SR SR
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Non-destructive determination of zinc content in oilseed rape leaves based
on hyperspectral depth characteristics

ZHOU Xin*> , WANG Jian! , ZHAO Chunjiang'** , SUN Jun! , SHI Lei’

(1. School of Electrical and Information Engineering, Jiangsu University, Zhenjiang 212013, China; 2. Information Technology Research
Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China; 3. National Engineering Research Center for
Information Technology in Agriculture, Beijing 100097, China; 4. Key Laboratory for Theory and Technology of Intelligent Agricultural
Machinery and Equipment of Jiangsu University, Zhenjiang 212013, China; 5. Jiangsu Province and Education Ministry Co-sponsored
Synergistic Innovation Center of Modern Agricultural Equipment, Zhenjiang 212013, China)

Abstract: Non-destructive testing can be expected to rapidly and accurately detect the zinc content in oilseed rape leaves. In
this study, a high-precision detection was realized to combine with deep transfer learning using hyperspectral imaging
technology. Oilseed rape with similar growth shape was divided into two groups (Group Z and Group ZS) by soilless
cultivation, each of which included the five types of stress reagents. Therefore, 400 oilseed rape leaf samples were selected for
each type of stress reagent, while 2 000 oilseed rape leaf samples were collected for each group, leading to 4000 oilseed rape
leaf samples in total. The hyperspectral image information of oilseed rape leaf samples was obtained by hyperspectral imaging
equipment. The whole blade was taken as the region of interest. The average spectral information was obtained in the region of
interest after calculation. Firstly, the predictive performance of different pre-treated spectra was compared for the zinc content
in oilseed rape leaves under the action of silicon. Standard normalized variable (SNV) was established as the best pre-
processing. The spectral data was processed by SNV for further analysis. A stacked auto-encoder (SAE) was used to reduce the
dimensionality of the best pre-processed spectral data, compared with the traditional. Finally, transfer stacked auto-encoder (T-
SAE) was performed on the optimal SAE deep learning network. The transfer learning model was obtained to verify the
portability between the deep learning models in silicon-free and silicon environments. The results showed that the support
vector machine regression (SVR) model with SAE extraction depth features shared the best prediction on zinc content in the
oilseed rape leaves under silicon-free or silicon environments. The best performance was achieved in the SNV-SAE-SVR
model under a silicon-free environment. The coefficient of determination (R,%) and root mean square error (RMSEC) of the
calibration set were 0.939 3 and 0.018 22 mg/kg, respectively, while the coefficient of determination (R,,z), root mean square
error (RMSEP), and residual predictive deviation (RPD) of prediction set were 0.850 7, 0.034 66 mg/kg and 2.607,
respectively. The R, RMSEC, R,>, RMSEP, and RPD of the prediction set were 0.963 4, 0.012 97 mg/kg, 0.876 6, 0.028 54 mg/kg
and 2.732, respectively. In addition, the SVR model with T-SAE extraction depth features performed the best prediction on zinc
content in both silicon-free and silicon environments, where the R,%, RMSEC, sz, RMSEP, and RPD of the optimal SNV-T-
SAE-SVR model prediction set were 0.970 5, 0.012 04 mg/kg, 0.881 0, 0.027 48 mg/kg and 2.966, respectively. Deep transfer
learning combined with hyperspectral imaging technology can effectively detect the zinc content in oilseed rape leaves under
both silicon-free and silicon environments.

Keywords: non-destructive testing; heavy metals; silicon environment; deep learning; transfer learning; hyperspectral image
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