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Detection of Pesticide Residues in Cabbage Based on Fluorescence
Spectroscopy Combined with Broad Learning

LIU Cuiling"®> LI Jiacong'®> SUN Xiaorong'> YIN Yinggian'®> ZHANG Shanzhe' WU Jingzhu'"’
(1. School of Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China
2. Beijing Key Laboratory of Big Data Technology for Food Safety, Beijing Technology and Business University, Beijing 100048, China)

Abstract; In order to efficiently monitor the pesticide residues in vegetables, a detection method of
pesticide residue content of imidacloprid in cabbage on fluorescence spectroscopy was proposed. Firstly,
400 nm was determined of as the optimal excitation wavelength of imidacloprid by three-dimensional
fluorescence spectroscopy. Afterwards, six pre-processing algorithms and two dimensionality reduction
algorithms were analyzed. Multiple scattering calibration ( MSC) and uninformative variable elimination
(UVE ) were selected as the best pre-processing and wavelength selection methods, respectively.
Finally, the broad learning system ( BLS) was used for fluorescence spectroscopy modeling and compared
with classical models such as partial least squares regression ( PLSR) , support vector machine (SVM) ,
and deep extreme learning machines (DELM ). The results showed that the BLS model obtained the best
prediction of imidacloprid content. The test set coefficient of determination (Ri) reached 0. 949 and the
root mean square error ( RMSE) reached 0.347 mg/kg. The research result showed that fluorescence
spectroscopy combined with BLS was feasible to identify pesticide residue content, and it can provide a
theoretical basis for the development of online detection system for pesticide residue content.
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S AR GCRAL, TS BB T EE ARG

T AR R, AH 5C 2 2 ) T i Y 6 016 % R A 7
A AR 2 B B IEAT T OBF SR . SRBESE R R B 2%
JETE AN RK b e 7 R R AR AR A R RO
0.959 9 SR, A 2% 5 £ 41 't 335 Xof e 1 A 2 B #)
5 LU, RIS BN S OK AR AR BEAT AR I . CHEN
50 % R B /N — Jf ¥ ( Partial least squares
regression, PLSR) i I 3 T 48 i £ & D6 3% B0R &
A S e kb 2R R SR, RE R BE 0.964,
LIU % * 5% Ji] PLSR p 3l b £ 1 2% b ol 26 ik P A e
F1R) 3 THD 8 50 7 8 O 1 I E AR R, O AR Biik 097,
(EH LA Hr 2 0 % T IR 5 B N o A ] B
TR I A B A 8 ) oA 24 7k B A5 R RS A

FOLIGTEF AR BAT RS & EEEMELF AR
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K 0.98, SR, D CH AR B BF T A TR TN OK %
WP AR 24, 0] i 35 rh R 2 5k B R pg R I b B
JE 2% > Z 4t (Broad learning system, BLS) J& CHEN
25U S AR R AR B — Rl A A A DR /N R AR I 5 ] R
R B . MA 451 T BLS S 5 00 i 52 ek I
(RIEAT 53585 Rk ar %6 FIH BLS 53 2080 3%
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F1 3% Ttk SRR B B R B AT SR, SIS A T &R
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P15 H e Bk g B O AE ST 0 4, BT 9Ot ik BR
555 S [R) B4 A 3R 7 125 0 S e R R A 25 5 PR .
BLS 5] A %¢ )t ot 1% 1 B 4l A B, JF 5 4 vk R A
PLSR | dF £k 4 #5 A1 32 £ ) & #L ( Support vector
machine, SVM) DL M IR B # FR 2% 2] HL ( Deep extreme
learning machines, DELM) 47X} 1 3 # , % 9IE BLS
TE9E G T B 43 A 09 AT A7, I 3R A5 nit thopk 5 i
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1.1 HARHE

e FH 20% 1) 77 ¥ 1 AR 2 ik Aok (7B R
TAFARACB A A A E]) o BT W Y 3538 K S
F B TR B S R R S a0 o U AR B
TR SRR R AR 2 5 BT 2R iE IR A 48
SRR ST T R ek (R bR SR e KRR R i
0.2 mg/kg) Btk ol 0 ~5 mg/kg (9 13 B BEAEA
BT 130 Ao 125 8 F S Lo A 7 bR R R K Bk
B, HA SR
1.2 IHNUF[EERESH

i 2% T 8 FS5 BRI REAN (B ) , R4
130 ANFE i I 26 1S . 2 3 1 I & 6 IR %
Jok W AR AT, ' RGN 2% 1E F PMT — 900 5l e, 4% 43
o ZYEDOO0 T R 4, W E ORI R R
10 nm , & S B BG R 2 nm, BRI A, o 350 ~
550 nm, &K Ay, By 400 ~600 nm, ZE5 K G
TEORAE, REREL KN 3 nm, R N 430 ~
610 nm,
1.3 BEBSWAHE
1.3.1  FEASKI 4y

PR RS o v, R AR 4 40 Ay A o 4 0 T 4 £
FHFEETHE G » —y FEES (SPXY) I FEA LR 3 X I AR AR
SYBC T IR R ARG AR AR S (H 1Y %
SV KRR T IR H B 3 1R 43 A I A N 4
Hob 8 4 5 B0 4 43 B4 B 97 AN 33 A FEA
FH TR 8 135 vl v bk e T AR R B R o L
PR SLUN R 1 T 7~ , A% JE 4 B4 i e ok 55 8 30 2 193000
B2 (Y 1], 0 A TE 4 AT DA ST R g v A IE AR R, L
T B AT LA S AR R AT

*1 HABEERS

Tab.1 Data set division of sample

Bl Stk bt/ (mg- kg ™!
W A FA 35 Hh it e ob i B L/ (mgkg ™)

i T o o v 2%
MEIE4E 97 0.01 ~5 0. 923 1.45
Tl 4 33 0.01 ~5 0. 986 1.54

1.3.2 Suifmish s

1 T8 2B AT R R AR A S R T
B RE AR W B3 15 A, 38 AL 45 2% A A e 0 I 7
I AR P R IR RS AR R AT AR
T B B, SR A A A O Ak B 7 ok T
LR BUA OG5 B =TS B . 7E 20615
Y B P9 — By S8 ( First-order derivative, D1) .
B 5% ( Second-order derivatives, D2) | #x i IE 725 48
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# (Standard normal variable, SNV) .S — G #:fH5F W
(Savitzky — Golay, S — G) . £ JC 4 & 1IE ( Multiple
scattering calibration, MSC) DA f % Z¢ /)N % 7% 4
( Continuous wavelet transforms, CWT)6 F J5 = %] J&
LROCTEECE AT WAL HE, D1 FD D2 25635 4 A
WP A ik 2 A E MDY 1 43 B AL PR O 2 B HO6
A DA R0 R Al T 5 0 T, 32 o B R R
B L SN S S B X 4 AN AR AR O 1 R AT R
I A A D B WO JEE A £ IE AR AR A
S — G B RV ik i 22 10 Ok X A% Bl 3 1 R £
W iti A7 Z2 e/ e U G, HE S g — Rl A
Pyt MSC 3 i Yt A AR AR ] 1 5L 28 i B | 10 L A
% 75 500 B AR AR TP 55 P 2 bk H ROk DG B9 O 1 W i A
BT CWT 2 — Pl i 5 25 5 3, B8 1T 40
PR
1.3.3 iR e 4RI

% £ W% 47 43 #1 ( Kernel principal component
KPCA ) J& X} & B 4> 4> #7 ( Principal
components analysis, PCA) BILAAEL Y R, PCA
Wif 24 ot B T PR3 A BiE , T KPCA J2 78 PCA
IS RE Al B R AR 26 1 4% oK 8L Kernel 2 5 £ 4fs
SR A I RE 5 47 48 B B0 A b 2 A R AR 2t G
=z 5 £ B 2% & 8 & ( Uninformative variable
elimination, UVE) 7] DLk f ok B2 4005, 4 & 485 84 1Y
TIGE Ty o AEIX B0 T ¥ rh, Gl 1 i 4G 78 A A
T BENLAR 1R FRAT — B i BCHE A . AL E i —
AR SAT OO o R, B SR AR T N TR AL
B R AR B BR
1.3.4 BLS %Y

Vi BE 2] R G0 (BLS) J& ik T B AL 1) S R 505 4
W2 (RVFLNN) i) — b 5 38 180 58 g 1 87 20 2
Bigr kY BARGEnE 1 TR

X

analysis,

A1

Broad learning system structure diagram
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G H Al KR H
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K §——WG i PR AL
H'— 35 45 15
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I 4 7] 2
P 52 v bt TR AR 5 17 0 D0 A2 oK i s AR R
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(2)

(j=1,2,-
H,]

d)  (3)

(4)

(5)

Kb [Z'H ] —— SR ) R A
W DUREAIE 5 5 1 38 i 7 7 2810 2 4 i 1
9 A A
Y—— Itk w5 T
1.3.5 BIETEH

% Pt 52 R $ ( Coefficient of determination, R? )
) J5 #1524 ( Root mean square error, RMSE) fE ly
P13 H itk R g 24 B B ARG I AR Y 1 O 2 8
RO 1, R B 5EO0 6115 185 1138 otk e ok 1
FH O U, RMSE /)N, 2 B 500 rp 77 Az 1) 5 22 1
/I, B O AT

2 GER54HH

ZHRERERELER
T AR A M H bk A 24 1 e A IR R, TR I
5 mL afife 245 349 3 H = 4E 900035 . K2 Syt i
W T VR = A ¢ D' I 3 LRI L 1) A5 e 2 L, AT LA
L TE A g, Ay, 9 400 480 nm £ 1E— UG, B L
HEk S AR P8 YA 19 B A B D I S 400 nm, B £ i S 0
K24 480 nm,,
2.2 WHREHHIEREER

6 JTT bt He bk v YR ) i A B A 400 nm, 45 F
P13 P AR BV TR ) 5 16 R A DG 1, A Bl BRI
61 £y G B . S 1 B M M 23 B A [ 9k B R
FREEARHOEIE 22 5 f5 45 i LT 19 10 20 85040 B
¥ el 3 g B AR X et <. WTRUE
H B 12 T v ak B LA B IN, X Y 5E O
SR Z 3G o FEPK 490 nm AT 580 nm &b 435l
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Fig.2  Three-dimensional fluorescence spectra for
finding optimal excitation wavelength of imidacloprid
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Fig.3 Mean emission fluorescence spectra of

different imidacloprid mass ratios
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2.3 HIEMLEER

¥ AR S B e 5 2 6 By (D1, D2 SNV |
S—G.MSC.CWT) i &b H J5 119 5t 3% £ 3 43 9l 2 57
BLS 7, 3 2 SN G H i i) @ B 45 5L, RMSEC
R IE 3 )7 HE iR 22, RMSEP Jy il 2t 48 ¥ )5 H i 2%
Horh D1 A D2 4h B A5 R, R R, 3 B X B R O ik
FHEAIE T AR 5% AR AR 1 2 6 b 3% £ 4l SNV .S — G

R2 AEATAEMNEESER
Tab.2 Modeling results with different pre-processing

R4 HUREES
LAY » RMSEC/ 2 RMSEP/
" (mg-kg™") ! (mg-kg™")
D1 0. 805 0. 637 0.785 0. 657
D2 0.822 0.619 0.799 0. 648
SNV 0. 856 0.588 0.833 0. 602
S-G 0. 884 0.525 0. 864 0.557
MSC 0.902 0. 448 0. 879 0.532
CWT 0.878 0.534 0. 859 0.583
TG i 4k 3 0. 838 0.599 0. 829 0.614

MSC #1 CWT &R aJ D)4 i A 80t o R 4k, Horp T
MSC T 4 2 1 S 3% %50 e 8 45 45 O1 d 1, 3K 4 R,
ik 0. 879, 5 JC il 4b BEAR L P e R AR 0.05, i
B MSC B RE A 00 45 % 3 2006 45 I 1 IR M 75 R 4
BOESE T4, Rk pk £ MSC HiAb B (% 3% K0
VE S J5 2253 A 10 L il
2.4 FIEIFIEPELELR

A 25 5% B RE L 0 B B 2% GRS B R R i
RRAE B 4 T DA ST AR ASE R | 4 i T A A2 e M. 1B 4a
b KPCA [y B 2 ok A2 151, 4 0 R T 256 17 4t 2
TIPS ERR KB TR, et BiF TR
95.65% . ULHIHT 17 48 O 1 R0 A RUUE
B TR BERT 17 4 A B A3 Y A T AR R A4
J 53 o
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Fig.4 Diagrams of spectral feature downscaling process
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2 Ry A 245 5% BRORE o I O % AR R I A I R R
I 5 0% 1% A7 = A B A R A BE BL IR S R B L2 45K
i 4R 3 o Bl AL MR R R B R R /DN A, R 4R
Z I8 Ay 5 BR B JC G R &, B 43 of UVE 3% £
9 ASFRIE MK
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A7 % MSC L8RI5 43 il #8141 KPCA i UVE H¢1iEF%
At MR BELEIS 1 17 485 9 e 635 8udi 1% A BLS
BERL, BLS BB 1) S8 R E % D8R n B0 T
PR IE i b DL R 3G R B H m, S ER ik
Leaky ReLU 25y BLS 19 (7% ei £, Z i & n = 10,
k=30,m =300, £ 3 JyH T 4B  KPCA Rk Al
UVE F#1Ef BLS A () g B 45 0 .l LUE H,2 Fil
WAt 7 I Re A B TR ARG B 1 T 42 I BOG
FETETUAAR B B0 4R 1 R 40 Re S5 A5 0 10 5 R 2 3%
A AHOCHERDGIE R B . Hrh, 36T UVE - BLS 4
A BTN ) T 45 R B A 1B Sa BR TR R LS (H
5 WUINAE P e ML A S5 AL, I OE 4R 5K R e R
B4y 50k 0.970 F10.949, I 4h, UVE — BLS 41 4 #i
RUAH P 4 U Be a5 i 3 4R e e R A i 0. 07,3
Jr BRR ZZ AR 0. 185 mg/kg, W] UVE Jir £ HUY 45
TIE I Bt e BB R AIE 11 3¢ v ik OB ) 5 B X M E o R
T 7 R T B AN 4R A B AR Y O 2UE B T PO
TGN A 25 5% B R 1R Sh S NI I e R R T B0
AR IR A 53 A LA S bt v bk 5 - 5 SRR T A 179 i
25, AT UUA A 25 it L AR T 1 mg/kg 6F, F0300 i
2RI TN AH 2 o3 A A SR B T o 2 B i L
E AR UE 0.2 mg/kg I, BERVES & A BT R B, T3
W25 5 K BT 0% 2, (H 0 0 2 DR T IE A H)
HA 25 5% B8 B AR 1 Al . 28 B RTIR P8O I Tk
454 BLS A5 RY I I 1 3% b ke Hok 5 2 T AT,
UVE JIr e £ 19 3 Ak P 1< nl 4E y RAE A 25 5% B 1Y
BRI
F3 FEMBREFHEN BLS RELR
Tab.3 Results of BLS models with different

dimensionality reduction methods

, W IE 4 i 4
btk .
FHIE L RMSEC/ RMSEP/
Ik R . R, »
(mg-kg™") (mg-kg™")
G 61 0.902 0. 448 0. 879 0.532
KPCA 17 0.951 0.331 0. 920 0. 430
UVE 9 0.970 0.224 0. 949 0. 347
2.6 SEEHIEEREEXLR

T AL BLS B #7986 % 0 1 3 o
PHE T bk 0 B T R AR A K UVE g
f¥) BLS 6175 5 25 i 28 P L 8% 2% ) B2 (PLSR) | 4
s 2 PR B (SVM) LA R i T VR B 2% 5 1 ke i 3
ZE PERE T ( DELM ) #E 47 %5 He 43 #7 . A BF 58t PLSR
(39 T 36 2 85 AR A B, R R T B A BT 1 AR
B, %5 B0 B U IR 2 SR T = T A8 U F 3R
1327 ;SVM % RBF 4% o %k, i 5ot 5 8 A5 51 N T ¢
TR bR RS 5 g 81 A BOAG i ) s DELM 70 35%

>470.347 mg/kg

0 5 10 15 20 25 30 35
HSE R A
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Fig.5 Diagrams of UVE — BLS modeling results
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S A W] BLS KLY B i E A e, AE 68 BT X Kl a4
TEAS 22 19 /INVBEAS BE AT B S 5 9 B0, GIE 52 T BLS 45
TUTE 18 4G DU £ A B TR AT AT M. 20 AT BLS
BRI T HABRE Y ) B DA, 0] fE 2 A O BLS A6 2
— PRI TR 4 AN A L 2 A 1) B B A R M 4
TE AR T 2R B 1 7 3wl e e A e 4 S
TR BE S ) RN B 3N JZ KO EE , BLS B Z0EE 5
SRS R H, B SRR 4F M 4L
BARL MR . PRI BLS fE 18 i 2 ¥ i i
475 3, A U 45 T B0 RS B2, G I A R T
R

x4 TRBEEEZNER
Tab.4 Results of different modeling algorithms

T IFE 4 i 4
vl FE Y S8 RMSEC/ RMSEP/
(mg-kg™") (mg-kg™")
PLSR 9 0. 895 0.491 0. 885 0.519
SVM 4.23,6.78 0.957 0. 327 0.931 0. 365
DELM 15,20,20 0.926 0. 408 0.901 0. 450
BLS 10,30,300 0.970 0.224 0. 949 0. 347
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(1) R A = 2 52 0 ot 3 0 2 nik Jobk, 76 0% K
400 nm & A 480 nm A IHAL SIS CRFIELE

(2) 454 D1 D2 SNV S —G MSC.CWT 3t 6 Fif
SREE 43 o0 6T e ' i S A R AT AL B, AR
He T MSC iy i 4 3SR e

(3)3F KPCA Ml UVE 2514538 T 17 .9 1~ 45
IEAR 5,2 i 4k 05 U 3 A BN B T 5 AR DG B
IR GG B, 4 115 M L 0T RS

Horb ,UVE B3R M BRIUA 28 B i PR RE e i o

(4) 9 T IFAl BLS 58 B PERE , XF 1L T 2 P58
7% (PLSR) F Al £k 1 5 1% (SVM | DELM ) () 2 £ 45
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At HL ok ) 5
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