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Characterization of Aflatoxin B1 in Peanut Oil by Fluorescence Spectrum

LIU Cuiling'®  YIN Yingqian'®> ZHANG Shanzhe'” SUN Xiaorong'®> LI Jiacong'> 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; Peanut oil is susceptible to aflatoxin Bl (AFB1) contamination during the production process.
In response to the problems of tedious operation and poor timeliness of the traditional detection method for
AFBI1, fluorescence spectroscopy was utilized for the rapid determination of AFB1 in peanut oil. Firstly,
the optimal excitation wavelength was determined by three-dimensional fluorescence spectroscopy.
K-means and self organizing map ( SOM) clustering algorithm were used to qualitatively identify the
AFBI1 content in peanut oil with an accuracy of over 95% . Nextly, two preprocessing algorithms and two
dimensionality reduction algorithms were used. Competitive adaptive reweighted sampling ( CARS) was
selected as the best wavelength selection method. The echo state network ( ESN) was then used for
quantitative modeling of AFB1. Compared with other models, the results showed that the CARS — ESN
model obtained the best prediction of AFB1 content. Finally, the sparrow search algorithm ( SSA) was
used to find the optimal ESN parameters. The final test set coefficient of determination reached 0. 984,
with root mean square error of 2. 13 pg/kg, demonstrating the feasibility of fluorescence spectroscopy
technique combined with ESN to predict the AFB1 content in peanut oil. The research result can provide
a theoretical basis for the development of an online system for the detection of fungal toxin content in
edible oils.

Key words: content of AFB1; three-dimensional fluorescence spectroscopy; feature extraction; echo

state network ; sparrow search algorithm
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Fig. 1 Edinburgh FS5 fluorescence spectrometer
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% S— G HE ¥ (Savitaky — Golay smoothing, S —
G) LI K& # o 3 15 5 3 ( Moving average smoothing,
MAS) , S — G & B 32 22 i 32 4 22 30 =% i
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RF) & —Fp i T Z RS, & H T ir 8 2452 E
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FE M B e A5, SR N 53 AH L LE 4610 B 22 i Fe A, B
A5 3 — B REAE AR o T B A R AR 4 A ST T 1Y Bl
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Fig.3  Fluorescence spectra of samples
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Fig.4 Clustering results
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Fig.5 Spectral feature dimensionality reduction results
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G & BV 1 M MAS bk JF 47 AL B, SR 5 4 00
CARS FlI RF 553 i A7 ¢ AiF 8 B, o5 5 4 3R iy 19
AEH 15 4R 0 Ty ESN ER M al, AT
B UE ESN A58 (18 B (AP BB A T 1% 46 10 i 1o 1 22 T 4%
FNZ L) PR RS 2 > AL AR5 [ s 51 A BPNN
1 RBFNN L) & PLSR #4711 45, ¥ 11 245 %2 5 ESN
BEAT X H 43 . ESN [ 2 B0 0 45 fif & i B0 AR
(hidden) B R (Ir) LA S E AL R EL (reg) o T2
i 5 i b 7% RIASE B o 28 0 A5, B E e 2 L
AEJ7EE58 . F T ESN {33 2 8 4% A s ASU{E ok 4R M A
B aE B BT DL — % ESN T3 B K T M A 2 K
L5101 ARRARE , SO S 55 2 4R E hidden iy 300, Ir
A 0.05,reg 4y 1, BPNN K i tansig 1E M i1 PR,
R E R T R I A B epochs DL B2 2 R I
SRR AR R R 18 RBENN G ok 5 8 A5 780 v 42 )
SR spread S A5 B R JiE Y PLSR 3

TE R 3 U BOR B AR A3 BT 1 A8 e R, L A R
IS P T B o TI [T/ L A
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JECTEEE A A, ] — MR LM C R RIE AR A
BEHAR i ESN ACEITFELMY R H5 ), H RMSEP fi;
i, R H B0 RE ) fe i o WESE T ESN KR [ 25 4
B H At B 25 9 25 R L 23 ) 52 4 B TARR, 1 350 dk A X
Be/INTT AR 2 e S5 e 0 0T, 0 5E T A AT R
B AROEIEE s . X IH R T ESN W 4% 1 S Al
il B 58 A0 TF Y AR 2 BEAIL ) b Ak 7 AR
), AT BN, A 2 M — R 2R R R A
AT 325 b 4 s 1 W BIGH BE . T LU 5 R B, ESN
LY 1 BE B AL B, R0 RE ) FAS E ME T I . MRRAE
PR AR U LR , CARS 553k 3 U 43 1R 742 1 4
HA 19, 2608 A8 5 1 4. 7% , RF 5005 48 U
TEAZ B 15, 2G5 110 3. 7% , ik 78
R, H NS SRR, PR [ 4 J7 1k 1 e A RH
FHEERURG B, UL 4 I B AEE K U5 2., il
b R AR U A B O B A8 B U 5 AFBL % A OGPk
BeR G fF B . Hoh, CARS — ESN 4Bk il
AFBI 55 i 5000 %) fe L 20 A B AU, R TE 4 5 ol ) 4R
g Z BT 0.978 F110.973, % 4H A BRI b
4 I B A 1 ) B e g AR B i 0. 026, 35 U7 R
WREREAL 1.35 pe/kg, 45 BT R, 500 45 &
ESN SRS F0 464 3l b AFBL 5 5 2 al 1719, CARS
JIT 4 BRI 5 R I B I BB R AR AE A= il b AFBL 5 &
CARS — ESN B4z i b AFB1 5 & 70 49 s {0 4
B,

R2 TEHEEBELERI

Tab.2 Comparison of modeling results of different algorithms

e IF 4 i) £
o BRI FEEN BH : - : -
R, RMSEC/ (pg-kg™") R, RMSEP/ (pg-kg™")
o 401 (230,0.8,0.01) 0.962 1. 940 0. 947 3.750
ESN CARS 19 (230,0.8,0.01) 0.978 1.157 0.973 2. 400
RF 15 (230,0.8,0.01) 0.970 1.531 0. 961 2.527
x 401 (8,0.01) 0.951 2. 888 0.922 4. 869
BPNN CARS 19 (8,0.01) 0. 962 1.910 0.953 4.168
RF 15 (8,0.01) 0. 967 1.727 0.951 5.326
x 401 0.5 0. 960 3.210 0.938 4.149
RBFNN CARS 19 0.5 0. 965 2.740 0.952 3.270
RF 15 0.5 0. 966 3.120 0.945 3.830
X 401 11 0.948 3.305 0.932 4.385
PLSR CARS 19 8 0.951 2.802 0. 946 3.041
RF 15 6 0.959 4.750 0. 944 5.099

2.3.3 BAALGE R
FH SSA fifb 2 8 4 CARS — ESN 41 4 K %1 3

SR i HLBE (Chidden) | BT 305 (1) A1 1E W)
R L (reg) HEATILAL , LA ESN I 25326 AU H P |
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o b AR A e I, i B e Rk ARy 30, SSA B
LA £ AN &l 6a TR, W] & #] CARS — SSA — ESN
A 28 ) /b R AR R B R AU AE, RS 2
% hidden 4 144 ,Tr 4 0. 01 ,reg 24 0. 001, 6b It
7~ T CARS — SSA — ESN A5 A 51 52 {H -5 90 0 R 1) &
PEAL A 45 1 T LLE 1 AFBL 1500 {7 15 43 A 75 5 52
{EL BRI, BB A2 45 o i b ) 1 6 AR i R AFBL % R

0.056

0.055

0.054
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Fig. 6 Diagrams of CARS — SSA — ESN modeling results

3 #ig

(1) I 5E 7 62 we/keg AFBL 4 46 A8 3 B = 4 ¢
Stk A, & BLILAE 390 nm Uk K 470 nm K 5
WA DL K 410 nm 3R P 670 nm & 5 Ak 1 5
IO CFFE I

(2)ffi ] K-means Fl SOM 52550 vk %t 46 4E i1 v
AFBL it b A7 88 bR 5 5 10 8 TF %00, oE B 2R 1 5k
95% V) I,

AR, T A T 1 A R B T S AR A G B AR
M FEIE I B 4 & T M b 5 5 B B R B, I
Hr, CARS B TH IR TU AR & W PR REfe Ak

(4) T PFAl ESN BRI PERE , XF e T b e
(R 25 W 2% BPNN RBFNN D) K 28 Bt 2 VML 25 2 ) 1
R PLSR AR L 25 R 3R W] ESN A AU M e T
B, TN R g AR E MRS, B BRI A RE T .

(5)31 A SSA &%t ESN #5581y 2 5 i 47 5
e, &5 R W] SSA Bk Jm) B 48 R 8 ) B, X ESN

(3)%F CARS #1 RF 2} 15 2] 19 15 A4EAE S E AL RE G 4R T A R2 Al 4

2 % x

[1] KARUNARATHNA N B, FERNANDO C J, MUNASINGHE D M S, et al. Occurrence of aflatoxins in edible vegetable oils in
Sri Lanka[ J]. Food Control, 2019, 101; 97 —103.

(2] RhwR. FGIE 62 W B BORTE & & A I g R B AR [T]. SRR, 2022, 28(17) : 132 - 134.
LU Bin. Application of enzyme-linked immunosorbent assay in food safety testing[ J]. Modern Food, 2022, 28 (17): 132 -
134. (in Chinese)

(3] RULSC, HRH, w4, & RO G5 E B A 6 e ER[T]. hEhAE, 2020, 45(11) .77 - 83.
XU Hongwen, ZHU Yu, XU Hua, et al. Detection of six mycotoxins in edible vegetable oil by high performance liquid
chromatography[ J]. China Oils and Fats, 2020, 45(11) .77 —83. (in Chinese)

(4] ko, XURGHE, PMIFIM, 5. JETXCRem B LA A m it & e R BLITLL AP EBGN [T]. RIER I K440, 2015,
46(5) . 84 -88.
ZHANG Qiang, LIU Chenghai, SUN Jingkun, et al. Near-infrared spectroscopy nondestructive determination of aflatoxin Bl in
paddy rice based on support vector machine regression[ J]. Journal of Northeast Agricultural University, 2015, 46(5) . 84 —
88. (in Chinese)

[5] W%, &7 RGBS ARWIEA WD AFBL K Jr kM5 [ D], 8L L8R4, 2018.
YANG Mingxiu. Study on detection of AFBI in peanut oil based on surface-enhance Raman spectroscopy technology [ D].

Zhenjiang: Jiangsu University, 2018. (in Chinese)



396

PSS A1 M | = O 14 2023 4

[6]

[7]

[8]

[9]

[10]

(11]

[21]
[22]

[23]
[24]

[26]

DENG J H, ZHANG Z J, LI M C, et al. Feasibility study on Raman spectra-based deep learning models for monitoring the
contamination degree and level of aflatoxin BI in edible oil[ J]. Microchemical Journal, 2022, 180 107613.
R ETHESION M EZOERIN RSN [D]. K& HMAK¥, 2006.
YIN Jinjian. Design of system in detecting aflatoxin spectrum based on induced fluorescence[ D]. Changchun: Jilin University,
2006. (in Chinese)
FERHEE. FET =gSOIER R R HEFE RGN L (D] BUN WK, 2011,
DU Yangfeng. The detection method of mycotoxin in food based on three-dimensional fluorescence spectrometry[ D]. Hangzhou:
Zhejiang University, 2011. (in Chinese)
GOUHEI T, TOSHIYUKI Y, JEAN B H, et al. Recent advances in physical reservoir computing: a review [ J]. Neural
Networks, 2019, 115.100 - 123.
PUEIR. SET R M G4 ) SR R (D], W VL TR R, 2021,
YUAN Anran. Hyperspectral image classification based on lightweight network and incremental learning[ D]. Xi’an: Xidian
University, 2021. (in Chinese)
VRS . BT ] bR A T 0% 1) RO A B A N L i SRR RE TR th R FI [ D] R EPROR A%, 2021
SUN Yuyang. An improved model based on echo state network for energy consumption prediction in public buildings[ D ].
Chongqing: Chongqing University, 2021. (in Chinese)
NAOYA T, YUKI M, SHUN-ICHI S, et al. Quantitative analysis of nonlinear optical input/output of a quantum-dot network
based on the echo state property[ J]. Optics Express, 2022, 30(9) : 14669 - 14676.
HAN T, LINNA Z, MING L, et al. Weighted SPXY method for calibration set selection for composition analysis based on
near-infrared spectroscopy[ J]. Infrared Physics & Technology, 2018, 95. 88 - 92.
WU X J, TIAN R L, SUN M F, et al. Application of fluorescence spectra and matrix analysis in the classification of edible
vegetable oils[ J]. Spectroscopy and Spectral Analysis, 2016, 36(7) : 2155 - 2161.
LIY, WANG G Z, GUO G S, et al. Spectral pre-processing and multivariate calibration methods for the prediction of wood
density in Chinese white poplar by visible and near infrared spectroscopy[ J]. Forests, 2022, 13(1) :62.
ZHAO A, TANG X, ZHANG Z, et al. Optimizing Savitzky — Golay parameters and its smoothing pretreatment for FTIR gas
spectral J]. Journal of Instrumental Analysis, 2016, 36(5) . 1340 — 1344.
B FETATLLAN G B R B SR B R T AL A A A B AR AN T Ik WP (D] AR T AR MRBH RA, 2018.
LI Xia. Rapid detection of quality index in cabernet sauvignon red wine based on near-infrared spectroscopy[ D]. Yangling:
Northwest A&F University, 2018. (in Chinese)
I, RAEID, i, 55 AT ULLLAMGIE A2 Do 2k il [ J]. R HLBR =4, 2020, 51(9) : 350 -357.
GUO Wenchuan, ZHU Dekuan, ZHANG Qian, et al. Detection on adulterated oil-tea camellia seed oil based on near-infrared
spectroscopy[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2020, 51(9) : 350 —357. (iin Chinese)
SONG X Z, DU G R, LI Q Q, et al. Rapid spectral analysis of agro-products using an optimal strategy: dynamic backward
interval PLS-competitive adaptive reweighted sampling[ J]. Analytical and Bioanalytical Chemistry, 2020, 412, 2795 - 2804.
E AT P PRI, 45 HE T BE AL AR MR AR 8 43 1 2% T IR I [T ). S AR B2 4R, 2022, 52(7) = 1719 - 1732.
WANG Bin, HE Binghui, LIN Na, et al. Remote sensing extraction of tea plantation based on random forest feature selection
[J]. Journal of Jilin University, 2022, 52(7): 1719 = 1732. (iin Chinese)
WANG Z. Research on feature selection methods based on random forest[ J]. Tehnicki Vjesnik, 2023, 30(2) . 623 - 633.
BRI, B, WK, F. T K-means M RE 51 1073 49 3 & g K 23 RO7 6 [T RO WLAR 2 4, 2022,
53(5): 225 -236, 324.
LI Cuiling, LI Yukang, TAN Haoran, et al. Grading detection method of grape downy mildew based on K-means clustering and
random forest algorithm[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2022, 53(5) . 225 - 236, 324.
(in Chinese)
DOMINIK O. Clustering-based adaptive self-organizing map[J]. Lecture Notes in Computer Science, 2021, 12854 182 —192.
HU R H, TANG Z R, SONG X Y, et al. Ensemble echo network with deep architecture for time-series modeling[ J]. Neural
Computing and Applications, 2021, 33, 4997 -5010.
A, EHEEN, PRI, SR R AL RO AS R S i L ) TR B A S [T ). AL DR 5 R, 2022,
44(8): 1457 - 1466.
WANG Lin, WANG Yanli, AN Zeyuan. Echo state networks with improved particle swarm optimization algorithm for electricity
demand forecasting[ J]. Computer Engineering & Science, 2022, 44(8): 1457 — 1466. (in Chinese)
Foe, BAEE, BRI, 4. JET LightGBM — SSA — ELM (50 & CO, M EETM [T]. Al HLh2A 4k, 2022, 53(1) :
261 -270.
YIN Hang, LU Jiawei, CHEN Yaocong, et al. Prediction of CO, concentration in Xinjiang breeding environment of mutton
sheep based on LightGBM — SSA — ELM[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2022, 53 (1) .
261 =270. (in Chinese)
(T4 % 430 T1)



