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25 5% B AR BB . BT R A SRR A mOGTE i 48 . 5
TIE I 4 B3 0 R 1 A0 A U A J 00 A S A 4 A 2
B B I 4 4T T Sl

ISR

L1 HAHE

S T A R 1 SR AR 389 SR I I R U TIT R DR R R M
TR A Ny 4000 g HE MR (T B Wb TR AR A R A
7). 58.00 mg « L7 AR A (R, [ R 22 1 5T B
902 K Z g (i B, 1L AR 4 B A& 25 46 T 48 1 A B2 W) Al
LSVNERHEE (HE, ZHMRKRAEDREARAED.
iz B A R 3L [ 1 2 B R bR GB2763—2019)
REAERIRLEE R TR, S M, KR K2
R R A S 4> B 0. 10, 1,00, 0. 20 Al 2. 00 mg » kg !
24 B VR A R A 4 A WEAE P, MESTIE RS 8~10 cm, AFhZY
VIS 10 AMFEA, JEIF 40 AREAS, WAIBHR TR E TR
GIRJE 20 °C, B 65 RH) HAAW IR 12 h J5 RE B 6l
BEE (3L 50 A REAS, oo 10 AR TER 2R B AEAD .
1.2 SXERGRES

1R i R R 4% ff H 32 E Headwall Photonices 24 &) 4 7=
W e IR R 5. I FE CCD, YaM e it Al . &5 i iz
Bk BRI, — 4 sh & . USB1394 EMRR&E K. @k

BE% 0y 10005 164 Pix, fL¥RFE 24 bit, e HERESETHI LR
Jr 25 eI SR B Bl 400~1 000 nm, JE47 800 4>
WeBrs U 24 200 WOREITHIB (T B B, A
B 4575 RERHR PRI RS232 11 b 3 £ 85 ik
B W LR

USB 1394

1 SRENRGREEHTEE
Fig. 1

Schematic diagram of hyperspectral

imaging system

1.3 BREEGBELRESRE
e G G R e B h & Z By T T . — 2
TREAFHEATE A 5 R m AR P55 R 27 48

S5 D35 TSR T e O R R U R AR AE . 3 BUMEHL
TAEREATEE AR EG W E , 52 m0t i R 4 34
B B, FERERT LA S OGIEAAHPLIEAT S B0 BB A
BIE » &2 W FIROR XS, 8GR R E Y 0. 03 s,
M AN EES R E N 3. 0mm. s, BkBEEHE T
FEHLZ) & 450 mm,

J B2 T i B BOHE 2 A AL AR R HE . ENVI 5. 2(ITT
Visual Information Solutions, Boulder, Co. , USA), Origin-
Pro 8 (OriginLab Co., Ma, USA), The Unscrambler X
10. 4, Python 3. 6, TensorFlow 2. 0 2% {4,

1.4 AR E B X 5% BY

N7 RO SR A R SR AR BT 16 em X 8 em KTy
o ENVIHCPRLE R KA SRR T F 25 T8I 40
AN R X 3, (region of interest, ROD, wGH{7 B & 2 it
R o A ROT #EHE A9 /& 30 X 30 Pix, JH4F 13X 900 MR
R AU R0 B AR — Sk id 3¢, L3t 2 000 (5 X
400) L HEIE % .

2 KBEX#HZF ROLEBTREE

Fig. 2 Schematic representation of selection

of ROI on Chinese cabbage sample

1.5 RigmAESRERE

I EGRREL RS, SZFRAEAASFRERT
PLCMAEA P # B | 6 22 FOK4r & 4 M B H R T4,
T B TR, T X R R AT O A
PP BR T PEZ . i ] Unscrambler £44 X & 6 335 S 9 F
T2 6 BUS B IE (multiple scattering correction, MSC) i 4b
By 5 A REAR A BE LR B 200 4503 E WAL B AT 5 5 19 1% B
WE 3 Fin. B 3Ca) oA 403k AL 1 546 RE AR f 48
3(b) Ry MSC TAb 5 FEA M2k .

WE 3(h) Pros, fEE 400 F1 1 000 nm i1 4 i B I
St b 0 sh BRI B, U Ak & BT PR A R, BOEE T E R
Lo RO WA AR A RO R, TR AT M BT, N
BEAREAAA K X5 R 5 R R P AR 400~414 1 912~1 000 nm
12 P8 B, B8 415~ 911 nm (X R JE 800 i B b i) 20~
749, 3t 729 P BO H T EBL AT
1.6 BE/NETHREEEZL

JNE AR e (wavelet transform, WT) & —F (5 5 725 i 43 7
J5 5 HR P — i B A S8 A g R AR T, B A D Ak
REM MG TR EH LMES (RO ZRE. 2041k,
AT [F) 2 BB Y 3 e Crmi AR 43D FRE B3 i AR 43D - i
SN AR RIE XN
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Fig. 3 Spectral data preprocessing by MSC

(a): Without preprocessing; (b): With MSC preprocessing

i, QORI R

BHL /N 7 #:1%) (discrete wavelet transform, DWT) j&
SN AR A B —Ff . T SRR B HORUEE B BEAT AR S o R, AT
e VR 3 0 B i ke S B RS 5 o A, R B A U

DWT Ca,b) = {f(Q)s ¢as (X)) (2)

KO, a Fb 53R a J2 3 MAE O DDERE fas
Q0 B T8N e B

0 o 0 02 15 155 0 95 4 T X
ML )P BRI/ R e 2 RUBE A3 i e v S BRI 4 . BE g R

Batch Normalization Convolution ~ Convolution

layer C1 layer C2
TransShape l l
AN - B [ W

Activation function A1

T Dropout D1 T Dropout D2

Activation function A2

P P WE 2o A0S A3 = GRIER 43 » M 4 i S5 10 3 oL 4 = CfIG A3
FRAOE R @B, DI i, B R ATE B2 AR
EARA 3t Bl b R AT PR AR g 2 A A B A e i )
B 4 H .
1.7 SFEIRANEREESL
L7.1 % ERdmi

B FH %) 22 )2 B 40 ML (multilayer percetron, MLP)U H
HADREZZEMIARL)Z, MEgEmmE 1 o, ki
2 2] % learning_rate(LR) 2}y 0. 001, ALK %L epochs iy 500,
& K/ K batch_size(BS) Ok 64, U3 £E 56 F 4 R validation
_freq 1, RALERE] Adam B3,

x1 ZERANMEEN

Table 1 MLP network structure
Z [LESSTROE e W ek B
2ER)ZE FCL 512 relu
EERZ FC2 256 relu
L EHE FC3 256 relu
LR FC4 128 relu
i 2 5 softmax

T8« relu JEEVEE IE H T 06 X

Note: relu is rectified linear unit

1.7.2 EAibzm%

R 2 B ) (convolutional neural networks, CNN)
S — P TE 2 2 BN ALEL il b ST IR B A ) W 3 4
# T4 FUZ (convolution layer) e 3 5 [ 2% 1) 45 1 91U fE
1. BARZ WA AlexNet(8 J2) . VGGNet(11~19 ),
GoogleNet(Inception V1 22 J2). ResNet(18~152 J2) 432k
BORBIT . (ARTZEREK L . S8 E K, MR K
Bom . A LAETHRRITGRME ML INE 4 iR @t
TR I SRAEAS 5 42 RO SR, 79 b 2 A0 M P 388 89 5 $dh Ay
2 000X 1X1X729, H TET 4 & HUz 5, #o0il fk 2
R 2 000X 27 X 27 X 1 (all_batch X width X height X chan-
nels) , HHME ML SHALEINER 2 IR,

Flatten Full connecter OutPut Layer

layer FC2 l \
Full connecter Activation

function A3

layer FC1

B4 ERMEMKLEN
Fig. 4 CNN structure

& TR 2208 S B0 15 I e 52 e 3 R 0 R R 3 28 OKG B
N T i X 2 8 Learning_rate, Batch_size fil Epochs,
FOLIBEBIEEZ R, 2S84, WK S5 ia; B 5 R
Batch_size=50, Epochs=1 000 i}, 4 Ff# &~ [A] Learning_rate
B A YI S e fE, M PRl DLE 2 Learning _rate
0. 005 F1 0. 01 I H 3 Training loss value (TLA) Jy A 45 {

1.6, YW MH] Learning_rate 3o K, MR LW G 2
Learning_rate Jj 0. 001 I 45% %Y iy S 3 & 4t B 5(b) 2h
Learning_rate=0. 001, Epochs=1 000 B}, 6 Ffji & [§] Batch_
size THBE RIS R (. Al LI B 24 Batch_size 35 70,
90, 110 1 130 A Training loss value F K& 2818 H 4% 3% 1%L,
Ub G I B BR RS Z AL BE I 3E55 5 X2 Batch_size 2 50
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Table 2 Parameter settings of the CNN structure

O/ A 4 24
=
1~4 5~6
HBR CL 3X3X16 3X3X16
B2 Al relu relu
31z DI 0.3 0.3
BRUZ C2 5X5X32 3X3X32
ENZE L2, 0. 001 0. 001
WG )Z A2 relu relu
HFE D2 0.5 0.5
M1k )2 MaxPooling 2X2X2 2X2X2
R FCL 256 256
4R FC2 256 256
ENE L2, 0. 001170. 001
LIy 5 5
MG R A3 softmax softmax

TE: BRZ n X Xom R8N m DB RN n Xn 1933 3485 WAk

JZ n XX om FRWAR RN nXns Ry m
Note: Convolution layer nXn>Xm represents m filters with the convo-
lution kernel size of n X n; Pooling layer n X n X m represents

the pooling kernel size of nXn and the step size of m

i} Training loss value | B 3 H &R/, B 5(c) N
Learning rate=0. 001, Batch size=50 i}, 6 F /A [i] Epochs
TR GRARRAE . T LR BRI % Epochs A4 i,
SRS BE (overall accuracy, OA) 28 E FFF#a#, 4 Epochs

291000 W, OA B THIE, 254 % &, R4S
Learning rate 24 0.001, Batch_size 2y 50, Epochs Jfy 1000,
ik #s R H Adam B,

D9 Y AT ARV RE RS B L[] I I SR S )
#l (support vector machine, SVM) Fl K # 4f i (K-nearest
neighbor, KNN)HL #5272 53k HEAT H AR

T REA R B, A5 KA G, 78 R 2
5] A 3 55 B R (data augmentation) , 7E J5A 1Y 5 G iE
B FE Al b TR R R R AR Y R O ROR I 2
%5 BRILZ 4k, 8 % H Dropout fll Regularization L2 # A ##
o B A7 AL RE ) A R

2 #ZRHHE

2.1 BEmRAEEHESHT

ST NS I £ Ay R I A b DX 43 AN [ 25 2 A R A 22 [ 1Y
JEIE AR B2 S R ISR Y 400 A0 1 Il £k BOF 3 (.
132037 263 Hh 2 n 1 6 R

A&l 6 AT LU i, 7E 400~700 nm JZBEN . HBL 3 RER
NS BAT . B BLAE 410 nm 256 490 nm 3§
667 nm ZLOBRIT ;s 16 667~710 nm % Br N S R BESR LT,
710 nm P BEG FGT R B WP 45 5 g Aot R R
. 15 530~667 nm P BN 5 FOGHE S I £k X 3 BE R
EIVE T I OB i 2 41 3 15 4k 24 T b A 7 AR OGRSt
B3 G R SR 2 B AT IR SR A TR AR A

25 ) 1.0-
(a) Learning rate 0.01 (b) Batch size 30 ©
31 Learning rate 0.005 20 Batch size 50 0.848  0.841

2 Learning rate 0.001 _“_:’ e Batch size 70 5 08 0.796
E] Leaming rate 0.0001 'S Batch size 90 2
@ 2 1541 Batch size 110 5
£2 3 ! Batch size 130 8
E‘) 20 SR0.0
£ £ 5
g 14 £ S 04
= E 05 0.

T T T T ) I T T T ) 0.2-

0 200 400 600 800 1000 0 200 600 800 1000 200 400 600 800 1000 1200

Epochs

Epochs Epochs

BS5 SRMEMKZBESELE
(a): HET 4 F Learing rate BB BIYIN ZRH 25 {85 (b) . JET 6 Fb Batch size BIBIBIYI LR 6 s (o)« 2T 6 Fh Epochs BIHET 5 K0k B
Fig. 5 CNN hyperparameter selection
(a): TLA for different LR; (b): TLA for different BS; (¢): OA for different Epochs
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Fig. 6 Average spectra of chinese cabbage samples

2.2 BREHESW
2.2.1 BEADKTHRGE L%

KT LR R LR . LA b /N3 A B FE S 203 il
& AT R BUNE AR, R E S R AR 6, &
FE R AT A, 1~ 6 2 B AL e R 2 S A 3 0 BN g
A3y 364, 182, 91, 45, 22 1 11,

R4t 5 1 % i & Wl 7 iR . T LLE B RE A AR 46 2 4K
P3G m, MhZIB R 5 g ik 22 B A K B 7 h &
1 2B EUINBE SR A sy i 2k, 5B 6 M L BA B
AL A 68 T 1) FRAIE il 4R 22 1AM X 07 B DG &R R
JHBCE4ERE BOE IBE 1 1/25 B A 25 80/ I 72 5 )2 Hom 1
s R AERE LA 2—m B0 Gm R/ DB IRBED . BT (DR



B LR B WOLTE A PR 2 R 45 1 K 1 SR AR AR T 1389

o 1.69(a) o 254 ® o 354 (©
Q Q Q
g4 g § 3.0
Q -
% :z %_: 2.0 % 251
Eos i E LS E 201
2 A SE 2 8 1.5
& 0.6 KEH 2 1.0 =
£ 04 — R z z 101
0.2 — 0:> 8 0.5
0 100 200 300 400 0 40 120 160 200 0 20 40 60 80 100
Numbers of feature Numbers of feature Numbers of feature
{@ 71 @ 107
g7 8 91
s s6 g g4
3 44 3 3
L5 55 < 74
2 5 ]
E3 E4 Y
Q 153 - 5.
N 23 g3
= =
= z 2 ; 34
2 14 a 1 A 21
0 10 2 30 40 50 0 5 Is 20 25 0 2 4 6 8 o 12

Numbers of feature

Numbers of feature

Numbers of feature

7 BT dbl /vl B R HE BN K TR B (R S ED 43 fh £k
() — (D3R4 1~6 J2 B HUMTE
Fig. 7 Low frequency portions of wavelet transform based on dbl function

(a)— () corresponding to 1~6 layers of DWT, respectively

Zd 6 JRE UG 2, BAAERERE RA 11 4.
HBE N & 3 AE DB I T RUAL T ZR AR X 7 B E &R .
2.2.2 PCA #= CARS K4

K H F 43 43 M (principal component analysis, PCA) %
VRN T AT R 0T JE Y R SR R O 0 B R AT B 4E L BT 11, 22,
45, 91, 182 Fl 364 F k7 R it 5Tk A 43 5 99.11%,
99.48%, 99.76%, 99.91%, 99.98% F1 99.99%,

KA 5w g H IS N E A B P (competitive adaptive
reweighted sampling, CARS) #E47 @ REACRE4E , Hodr, SRAEIN
HPEN 0.8, FEFEE N 0.8, ke R IKRH LN 300,
ZHIUEA Jy 15, Fiikd Fan &l 8,

1E & 8 Ca) Bl (b) Hh ] DL 3 B 3 32 A7 B R I, 4R AE
WA BCREE W, RMSECY 23 TG FFmas, 4
TE 140 Wiz 7 RMSECV 235 f/MHE 5 18] 8 (o) 3271 H3fiF i
KA R AR B, ¢« 7R IR RMSECV i/ i fir
B, CARS JLfi ik th AR AF K 39 A4, di By 6. 12%, FF
fE¥ K 43 B F 430. 04, 445.81, 448.06, 448.81, 449.56,
472.09, 472. 84, 509. 64, 534.42, 538. 17, 625. 28, 626. 78,
627.53, 703.38, 749. 19, 749. 94, 755.19, 756. 70, 757.45,
767.21., 767.96, 797. 25, 804.76, 805.51, 807.01, 812. 27,
823.53, 830.29, 831.04, 831.79, 832.54, 833.29, 840.05,
843.05, 873.09, 892.62, 909. 89, 928. 66, 936.17 nm,

2.3 RBIEEEMN
2.3.1 AT ESMDEABREHRGEEAER TN

AN TR 8973 U8 R R AR OR AR O TR A A 4 28R
ARLH, 3% B Daubechies /N 3% ji% 7 #) dbl, Symlets H )
sym2, Coiflets ¥ [i) coifl, Biorthogonal " [ bior2. 2 Fi
ReverseBior 1 [{) rbiol. 5 43 5l % £ P8 4T 1~6 2 /N AR 1 )5
ARG BAL, R 9 iR, AR SR A
Kennard-Stonef4. 3%, FEA BEAY 75 WA MR8, 25 %AEN
T4 .

- 800
5 -
£ ()
g
2 600
2
£°400 1
3
[
© 200 1
153
R
20 50 100 150 200 250 300
Number of sampling runs
8 -
(®)
>
Q
-4
+ T + y T < )
0 50 100 150 200 250 300
= Number of sampling runs
&
2
&
Q
8
=
2
5
g
(=4

0 S0 100 150 200 250 300
Number of sampling runs
8 CARS ffiE 45K KT 12
Fig. 8 Process of selecting characteristic
wavelength by CARS

4R SRR B E 10— (D iR, Bk E.
H:F CNN i MLP 83k i SR BEth PR e 3 | T AT
KNN Al SVM 5%, 3 CNN fil MLP 5 3% 3] 5 1l 6
FACHR TR SRRSO 4 2 A B i R K B
TEEBh, 4 bior2. 2 BEAEJT 09 B B R T A . B 10(a)
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% dbl 1 rbiol. 5 /N 3L AN . Higy /Nl R4 J5 2 F CNN &
P AR BEAE 78.40% ~91.20% Z Ml B sh; Hop, &
coifl 5 2 J27F $f if i 4 K B BUAS Se fE R 91.20%; & 10
(b)H1 %% coifl il rbiol. 5 55 4 2484k J§ MLP 2 & B KK B

T B2 R

FGHER F SR A

&9

R
ETEAEER/NMNEZTHRMENHEMESTLRER

PR L 83. 20% 5 B 10() & sym2 5 2 RS IR G
KNN B3k s B S s (i h 66.40%; B 10(dD H &
bior2. 2 % 2 2 i J5 SVM 8 ¥k MR OK E BU1S & 0
4 90.40% .

— [

BRI P 25 1A

Fig. 9 Flow chart of hyperspectral image classification based on DWT and deep learning

0.85 1 0.7
o ©cczz---.
£ 080 Fil0 BN ey
% 0.88 3 £ 0.5 \ 7
= 086 = 075 =0 K-y
: = 0.75 < ey
£ 084 B 504 Yol P
T 0821 S 070 g 03 g 4
2 0.80 A ! !
8 g Z 02
z 0.784 0.65 4 g
5 0.76 —-— bior2.2 01
0741 —————biol5 | : : ; 0.60 L— ; . . . . . . ; : : .
1 2 3 4 5 6 1 2 3 4 5 6 1 2 3 4 5 6
Decomposition level Decomposition level Decomposition level
= 091 ggoap D
2 038 23
£ g ' -
8 0.6 £05 7 g 061
= 5 / 8 0.5
E 04 S04 i =
5] = ! = 0.4
5 g 0.3 ! g 034
S 02 3 . | —oanw 3
s © 2] == T T o 2 02]
0.0 o1 T “- - KNN 0.14
L : : . = 0.0
1 2 3 4 5 6 364 182 91 45 22 11 CNN MLP KNN SVM

Decomposition level

Numbers of feature

Name of models

E 10 EF DWT, PCA 71 CARS B I BIE £ R
() (D23 N3 T DWT F4E g CNN, MLP, KNN Fl SVM #5595 408 3 5
()3T PCA P4 4 FPBLR QARS8 5 (D3ET CARS B4k 4 Fpa Bl G 7R RS
Fig. 10 Modeling results based on DWT, PCA and CARS
(a)—(d) Overall accuracies of CNN, MLP, KNN and SVM models based on DWT;
(e) Overall accuracies of four models based on PCA; () OAs of four models based on CARS

2.3.2 & F PCA #o CARS M #: £ 41 33 4

R S4B UE AR W 5T BT 4 0 S /I D A 4 A 0 B vk Ay T
Mk, 4B PCA FR 48 J5 /i 364, 182, 91, 45, 22 F1 11 4~
FL AT O3 BRI B H/INE 1~ 6 J2 A8 H S5 Y A 4t RED BEAT
A, 4 FRALTR G BVARRE B UNE 10Ce) TR . i BOIE 4 B 1
/. CNN FI MLP 53k 87RO B I 3h A K. KNN A
SVM F535 i B AORS B2k sh B K, AH LT 5 CNN Al MLP 4
Wert 2 BE ) AR R . B R AR MR LA . SVM BRI AE BT
45 A BT I IRAS St RS D 62, 80% . 4 CARS R4k
S5 4 RN I S AORS BE I 10CD TR . CNIN R A5 3% 6 4t 34
A MR ORS BE 82.40%, KNN & vk 4 (K ORS BF i 1K H
11.20% . Al 0L KNN S AE A i B BAE AR AR
2.3.3 R MAgEAEHELEREFN

3 iR 4t A 4 i AL AR VA B HORS B R Kappa RECINEE 3

Ji7R o WA IRSR B 77 B RE AR R 20 W 2k 2 AR 1) 43 IS A 70 ) P
A K, RS BE AN s T CARS [ 4 535 1 70 26 AR ¥ I
fiks & DWT BE4EJ5 )40 5B KNN, SVM, MLP # CNN
BARHRE BE A3 R 66.40% , 90.40% , 83.20% F1 91.20% , Itk
Sh, & DWT BEZEJG 4 Fho 28550 30 10000 T sf s 85 7 oAt 2 Fob
Wof A 50

ANFEFR R RREE IR 4 iR, WEBEKEE K £ @
SRR AR N B AR (4 2 BE 43 il Sy 92. 00 % i 96. 00%0)
HIGEH ol e R W R 259 07 7R S AR P &, SRR
RFAIE DX 3 BE IR s B P8 B9 FN 50 R 35 16 43 1 72 CARS-SVM HI
DWT (bior2. 2-2)-SVM &3 B 5 43 K5 B 100% , 13 B
SVM i3 53 J e 845 AR AR AIIC 5% B8 ¥ 1€ DWT (coifl-2)-
CNN #7543 645 B 100% . W] DWT-CNN 52 A &
I BB A . RRAE SR IBORN 43 24 IR 5 g
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Table 3 Overall accuracies and Kappa coefficients of different algorithms

¥5 EE #0 Kappa R

B None CARS PCA DWT
OA Kappa Time OA Kappa Time OA Kappa Time OA Kappa Time
/% /ms /% /ms /% /ms /% /ms
KNN 12.00 —0.10 16. 98 11. 20 —0.11 10. 00 56. 00 0. 49 4. 00 66. 40 0.58 20.02
SVM 89. 60 0. 87 74.77 26. 40 0. 08 4. 99 68. 00 0. 60 4.99 90. 40 0. 88 14.03
MLP 67.20 0.59 80. 78 72.80 0. 66 59.99 66. 40 0.58 67.01 83. 20 0.79 63.23
CNN 82.40 0.78 698. 13 26. 40 0. 08 4.99 64.00 0.55 94. 01 91. 20 0. 89 86.01

7 KNN 205148 PCACID #l DWT (sym2-2) BUAS g A, SVM 43 il £ PCA (22) #1 DWT (bior2. 2-2) U453 % (., MLP 43 5l £ PCA(45) F
DW T (coif 1-4) BUF B A i » CNN 4352 PCA(22) 1 DWT (coil 1-2) BUAF Fe i s Hor, PCAG) IR 46 F PCA R AEFLIL T n A 08050

B, DWT(W-g) KR 3T W /NBHE B HUSE o 2 A8 4 e 24 55 0k e A
Note: KNN reaches optimal values with PCA (11) and DWT (sym2-2); SVM reaches optimal values with PCA (22) and DWT (bior2. 2-2) ;
MLP reaches optimal values with PCA (45) and DWT (coifl-4); and CNN reaches optimal values with PCA (22) and DWT (coifl-2) ;

PCA (n) denotes the modeling based on the first n principal components, and DWT (W-g) represents the modeling based on the dimension

reduction algorithm using discrete transform of g(th) layer W wavelet basis

=4

TRBEZEHFEFE

Table 4 Overall accuracies of the various

prediction algorithms

3 . i

ik BEAEME  EESER O KZW R kR
None 16. 00 12.00 8.00  24.00  0.00
CARS 16. 00 12.00 4,00  20.00  4.00
PCA AN 58. 82 42.00  63.79  44.44  69.56
DWT 60. 00 80.00  48.00  64.00 80.00
None 96. 00 92. 00 84.00  84.00  92.00
CARS 100. 00 8. 00 20. 00 4,00 0.00
PCA SVM 68. 62 66. 00 70.69  66.66  67.39
DWT 96.00  100.00 80.00  84.00  92.00
None 88. 00 88. 00 52.00  12.00  96.00
CARS 56. 00 52. 00 92.00  72.00  92.00
PCA MLP 60. 78 68. 00 75.86  46.67  78.26
DWT 88. 00 84. 00 72.00  76.00  96.00
None 76. 00 84. 00 76.00  80.00  96.00
CARS NN 76. 00 80. 00 76.00  80.00 100.00
PCA 60.78 74. 00 63.79  44.44  76.08
DWT 88. 00 88. 00 84.00  96.00 100.00
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Identification of Pesticide Residue Types in Chinese Cabbage Based on
Hyperspectral and Convolutional Neural Network

JIANG Rong-chang'*, GU Ming-sheng®, ZHAO Qing-he', LI Xin-ran', SHEN Jing-xin'*, SU Zhong-bin'*
1. Institute of Electrical and Information, Northeast Agricultural University, Harbin 150030, China

2. Harbin City Data Center, Harbin 150030, China

3. Shandong Academy of Agricultural Machinery Sciences, Jinan 250100, China

Abstract Traditional chemical detection methods for analyzing pesticide residues in chinese cabbage are slow and destructive. In
this study, a rapid, non-destructive method for identifying the types of pesticide residues in chinese cabbage samples was
developed. First, the hyperspectral imaging system was used to analyze chinese cabbage samples exposed to one of four
pesticides chlorpyrifos, dimethoate, methomyl and cypermethrin. The pesticide concentration ratios were 0. 10, 1. 00, 0. 20 and
2.00 mg * kg ', respectively; and the data was compared to a pesticide-free sample. After 12 hours of natural degradation at
room temperature, a hyperspectral imaging system corrected by a black and white plate was used to obtain 400 ~1 000 nm
hyperspectral images of chinese cabbage samples, and the target area was selected by ENVI software. The specific regions of
interest (ROD in samples were further investigated, and the pre-processing by multiple scattering correction (MSC). Secondly,
three algorithms such as competitive adaptive reweighting algorithm (CARS), principal component analysis (PCA), discrete
wavelet transform (DWT) (based on dbl, sym2, coifl, bior2. 2, and rbiol. 5 wave base functions) were then used to screen for
dimensionality reduction from optimally pre-processed results. Finally, the screening results and the samples divided by the
Kennard-Stone algorithm were adopted to construct three recognition models separately. Such as k-nearest-neighbor (KNN),
support vector machine (SVM), multilayer perceptron (MLP) and convolutional neural network (CNN) were used to determine
the best screening method for the dimension of pesticide residues and the optimal hyperspectral recognition model. Our results
showed that the CNN, MLP, KNN, and SVM algorithms achieve the best overall accuracy (91.20%, 83.20%, 66.40% , and
90.40% , respectively), Kappa coefficient (0. 89, 0.79, 0.58, and 0.88), and the prediction set time (86.01, 63. 23, 20.02
and 14. 03 ms) under the dimensionality reduction algorithm DWT, respectively; the wavelet basis function and the number of
transform layers are coifl-2, coifl-4, bior2. 2-2 and sym2-2. All three indicators are better than the modeling results based on
CARS and PCA dimensionality reduction algorithms. It showed that the combination of discrete wavelet transform and
convolutional neural network shortens the time of classification and identification and significantly improves the classification and
identification accuracy, and improves the Hughes phenomenon, providing a new method for non-destructive and rapid detection

and identification of chinese cabbage pesticide residues.

Keywords Hyperspectral; Chinese cabbage; Identification of pesticide residues; Discrete wavelet transform; Convolutional

neural network(CNN)
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