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Research progress on novel detection technology of foodborne pathogenic
microorganisms with artificial intelligence
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ABSTRACT: Foodborne pathogenic microorganisms are the primary causative agents of food safety incidents and
public health risks. Traditional detection methods exhibit limitations in detection cycle, sensitivity, and adaptability to
complex matrices, failing to meet the modern food supply chain’s demands for rapid, high-throughput, and intelligent
monitoring. The rapid advancement of artificial intelligence (Al) technology has opened new technical pathways for

the transformation and upgrading of microbial detection systems. This article systematically reviewed the application
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progress of Al in the detection of foodborne pathogenic microorganisms, focused on 3 major directions: Molecular

biology detection, spectral analysis techniques and mass spectrometry detection. It highlighted the functional

mechanisms and technical effects of machine learning and deep learning algorithms in amplification signal analysis,

spectral feature extraction, mass spectrometry data mining and multi-source information fusion. The analysis

indicated that the introduction of AI had effectively enhanced the sensitivity, specificity and automation level of

detection systems, accelerating the transition from laboratory analysis to on-site rapid screening and intelligent early

warning. Meanwhile, this article identified the current deficiencies in standardized dataset construction, model

generalization capability verification, algorithm interpretability and cross-platform data fusion standards, and

proposed future development recommendations from the perspectives of data governance, regulatory adaptation and

industrial collaboration. This article aims to provide systematic literature reference and theoretical support for the

integration and optimization of intelligent detection systems in the field of food safety.

KEY WORDS: foodborne pathogenic microorganisms; artificial intelligence; machine learning; deep learning;

spectral analysis; mass spectrometry; multimodal fusion; food safety
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P gt bRa | R T A 2 BRI ARSI A R B B
Ji T T OE S .

gk B R Bm T, (AR R . A
KD 531 A 2 AR AN 58 A Wi X 1% (polymerase chain
reaction, PCR) Jz 2= 5L R4 7 8 25 4 o 17 o 2R 0 5 )
TRRE AP S6it 5 B H AR W R AR IR | e R O A
HETHTEEAR . SR, X SRR A A, ARt H S
ZH R THEMEE. RIS, SR A —k
A1 BT B T SRR AR S (AN i B 0 O 1 U B O R
). IR, ZAFEARIET UK . 20, ZHE)AUE
wASRFZIE S ES ST R AL, £ FERNES
AR EZ N EME IR R . XA AR
PER . A5 M AR HARRIE G RAG LR A4 B, (L Ge ) s AR
T G Bl AT B M [0 U o X LA 358 I 56 Jo M 7 -5 R
Z YRR RS PRI, N TTHE L S 42 i AR E . A
T BeB R (artificial intelligence, AI)TE k% AR 5L
B A W T SE Y N B =R/ S Reg TR W SRS Gl a e B
B R4S 4 38 i e s | DR XU T ST R
S5 SRR SR T, SR T TR S A sh ek
Fo BRI, YRR Z R TR -HARTE, iz BERAR
A5

ST, AL ZE £ U5 SOR AR RS 4503 14 TR
FARAEAE 3 DA OIS & 4t A BR B = 58— M AT AE
o RERIZARRE IR, DA ST B s A B bR R

Fo DKLERIRIZT T AL S T H T ) R G A Uy
R, ACRGEMB Al 70 T4 ik
JoTE G S A R B AR R g R, AR R RE AL,
PR HOR LEEHEZR, JFEG BE WEAE IE IC S )7k Py
) S 2k B4t AR R TR IR AR, DA £ 22 2288 g Ml 4
AR BA SRS .

1 AILRBEST FEMFRMEA

1.1 AI &€ PCR REITERARGN IR HR
4

PCR B HATAE AR AW~ 4 D ) B 2R T
B, e ek 5 | U B bR A P GR AT R N P 814
BRI, SEBUR ORISR ) R EGI . D E Z
FEAL TR, PCR MM AEHORTE S RE L Rrsidife: 2
PCR I 1 815 22 X 5| W4 TG I3 ;. 2 3% PCR %0
T RNA JRRE ISRy 1; SimE it PCR B POLIRET
B RS LY 3 R 0 SE I B0 PCROKE S AR R )
B30 A B8O A M ST G B AT B T AT Y, S
BT GG b i e i 4 X e e, LRIV B 2R T B N
UL S 400 ) A0 T 52 1

TR e B T R A S A B R, 658 PCR HORTE
s ER T R T A TR ZER . BRI RIOLT
S LA ST S TR A ST AR, RERE A1 SR
W R S 9GRS R B ARZRERHIE, ANy SR 46 B3 R iR
FAME . OGS 1+ S B 2B (55 [ B by 2245
Hy% . IRKHAM SEWRFSERH, FRISienml 15 5 3l
T3 S AT Rl R A, AR PRA 2 Wy s R B
B s, ARy it Al T T R R S AL
FR A i dT, Ead A SR SRR A BEE 9t
(B A Y 32000 22
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B e B R R S 3R BOy TH 9 R A B T AL
Gt 2o T AZ PR AL I P R A R A A B o AR RS E
PCR A, 2L M GiS s SN G2 T [R5 R e
PRI . MONIRI 5y T 3 FHLA 2 > 4 500k,
A BRFGRIE N B T VI TIRIE . BRAZ A S A
2R KRBT R O157:H7 S5 AN R & dh 3 V5 QL B 1Y IX
53, TZERETR N ) B T 22 % 5 TR AR N S ot 2= R A
JEAS R 25 T HE T T SR AR A I 25 B 5 A

TR PCR FARR A, Ab 28 A 2L 55
T SRR 2 B SRR AR, B A i R R A R
TR 5 | T A W A2 sl 5oy, 5 5 2R k2
B 5B Z M 2% (convolutional neural network, CNN)
LTS HLAR D 455 80 W) S B S A LR R S A 5 H
J5. SONG ZUMFFr M, TRIE 2] M4 RENS MARAR 1 L
) IS S sl G R A HERR U0 & KA O157:H7 1R
FI B, I B 25 B B R R EOR T R SR 51 A
HIMB BT S, 1205 2 p s ARE B 5 S5 A 3 42 3l K
U5 P Qe O A (R R R A 458 5 T = TR i 3
— BRSO 5 5 AR ERL S PCR 23474, 41 Bio-Rad
QX200 R%), WERRE TR &SR m4xT € G i A shik
Ko

1.2 AI l#E DNA 54 EE R ARG &R M B RN
&4

DNA 5 2] 184 A8 2 A A 4 B DR 4 rh e o 1Y
AP B 2 A AR BOURE i gt it O, R T
PRI M KA T 2 F B BR A% O T B WA B
W AT ST W R BN S AR, SER iR
FURMEED X 4o BN S F B, B s TS AT =
MRAN T3, AR SRS T4 Ao i ih & 2 2 E
R EEXT B, AR X . iR AR R

ANITEGEHEARNEI AN DNA HE8UE R B shfbab #
SRR T LI AR . LU A o 8 2 SE R e Ay
J¥%] PCR FFEHLY 1 £ & DNA (random amplified
polymorphic DNA, RAPD)™ 4 (W& 2438 8L TE M 1, HLAR
5 ) BETRRE X BER HL UK LR BT A S A 2 AT, W
FETF T RIBREA I 2 SR ) i 2 SRR AE B,
AN, (AR RE S IS VAR IF L TK B Bt RO Y
SR ENRWAE, #0R T AN RSO R AT L . LS
2 3] S AR R T e SR T ) £ R EORS GE P IR R R
(microbial source tracking, MST)HF FEHH H #0301 2025 5 1
MBETT. LABRADOR 25U W4T X R BEAEAS o K P BT V5
YR N 5E T R IR, AEER TAE G g Th= H 5 4 #
FEHLAR K (random forest, RF)S3 78 Ab PR 2 ISy 1) Z2 15
BOUERT RIS BN, BRI 84%MTET %
PO 5 YL

X T SURFE SR IR BB 40 28 I AR USRS, A ARl
KT W I 5 S R B s Y R SR e SR AL T e A
PR T H, TEREA R R, Al BRI WA IR ALM
LA A AN IR, XK Bk
AR TGRSR TS e TRk . B R A R A I R 1
B kT4, B RE R 5L AR 58 IU M I 1k B 15 A 075 L I
il 35 A A 0 o B I A L 3X RSB AR T X R
RN GRS, 50 E ST KM i e Wk A5 98 8L
R AR T AR HEAL A AR OTHESE o SRR TR R
FEAPEBOR A IS, 456 KA 02 4 S5 Bt [l 7 41 F
TH., Refl X IR 5 A 1Y B AT, R T X
Wr T Yy B S
1.3 Al MRREFIRY IR | IF M BRI EL

¥ B2 7 4 4K 1 B 1 (nucleic acid sequence-based
amplification, NASBA) . %% % # 94 (strand displacement
amplification, SDA), JRIFY ¥ (rolling circle amplification,
RCA) & 3 A & %5 J& ¥ 1% (loop-mediated isothermal
amplification, LAMP) . 5§ iR #% R ¥ 4 £ R (isothermal
nucleic acid amplification technologies, inaATs)fAZE | & i
P B0 TR P DR SERS I () e AR A o IS ARG 2 R
Tit 7 FEAER S5 T S B AR AL R I PR R 1, A ROe iRk
TAGLE 7 PRI 3 G SR I AR

SR, A% G0 S W 16 B AR A 45 SR 403352 5 1 77 1 s Pk
o B SR ERBA RS E . B2k
TGS, GRS WEE EUWER a5
FIARE AT, S RA AR E N, ML
2 ) LR T R R P SRS S T R R AR AR I,
TR PR IR LA S50 1 55 €6 B AR AR a5t Bl 7 228, A
717 5 25 AR 52 A ARG b A 1 PR 23R A5 AR B e R 110

EFEF @ LAMP 1335 BB 4 (point-of-care
testing, POCT)7 5=, Al Bk S8 RE Kk 45 & 358 T4
W48 SR B bR HEAL 1352 . MEZGEBO 25U % 17—t T4
RETFHLAR I RS, ST ki B AR % (you only
look once, YOLO). % RSt RS M I A4 1 75 5 B IR ok i e
P A, BRERZL . &, W (red green blue, RGB) G % %5 [H]
ARFIE (R I E BEA TG REA IE, TR AT 4 ot 22 ) 2 A 0 %
YD R T S SO R 31 S B A5 AT o0 i IR
1Y+ RE Lo+ AL (W B2 A CUFE AN [FDG BRI T ¥ R
R B, 3 RUER T 97%. TER TR
Bery ik R, CHEN USRI T —Fh & R 3 IR 2%
£ BUFLR BT LAMP $ R (deep learning-enabled
polydisperse emulsion-based digital LAMP, Deep-dLAMP)H
TREEAE SRR, R CNN Ab 2 pl 8 B S i 2% sk LB
KR 22 3 B LI R . 2SR AR B 3R
U RS PORRE, BRREARX Y MES SH =
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MR, ST T X AR AR DRI TR R ARG T X
i b, NTERRAE D TAEY =R IA R i .0
REML FBARIAE LU T 4 DR RE: (V)& S 45 ST
5ASVFHERBUZE, Xy Bmihsk . EEA
JFHN AR BUEIE 5 2 AR EE 1, AR AL B0 =R
RIS P e T HopRe e 19aE i B 5 AR 5 . BARTAT &,
CNN GEA AR 1) JRy 8 A2 BF AN EE L, ZE R AL
Pas AR FNRAAE 5 AR BOL S, B bl 2 AR A A 5T
PCR 0% 5 . DNA BEIRE LUk B3 A SE RE AR, IR p 48
050 26 T FLA S i I AR PRl 2o N AE R T T3 e A2 LR, i
TR AR Wiz ) A I 5 TR ORI, R A A S5
S P B gy 2k 5 4 &L H 4 W )Y (whole  genome
sequencing, WGS) K& Hs 3L 7 51 1Y BRAR BE ;T LA di b
JE Tt (extreme gradient boosting, XGBoost) Wt FE A
ML, BT AR SREMS R, 5B A sy
TETE L, XA AR B 5 i A B M 1 45 4 A b 3R A B
(anZ 55 | Wy e T 20 65 266 o ) EL A R ) e T 65 Pk o AR
IR RS RN S RS HEDC L, AL AR LSEERARZRME
FRAE A SR B, MRA B T T B IR R 7 2R 1) =2 0
255 (QMEFEINE 5 52 2B Tht T YL 38, £€ PCR ¥ 34 5
9. THIE RSN & WGS S 4ETUAF S, AL
4t FAOEALE 518 SO BB AR SR S E R L SRR E P (3)
A6 DN E M ) S 1) R o O A AR R E, 807 PCR. BT
LAMP 5 WGS i 25 B R o, AT ST H i AR AE”
Pl eds DR, FA . XU RSS2 AR S U R (4)
R0 235 SR g SR T 5 s A A R 1w, A T
W25 55 BT A, 48 TS YA R TN -5 of i) ) A5 A
Bl 434G DAL S 80 UE ) o PUEAR R A K. Uk,
SRS, AL WA BAE AU SR FHFOINER R, o

ST TR AR AT RS PR 3R T A8 T
AT EIREBOR A WA inaATs ZHS AT B4R
g, MRDIEIE | IS FREAR . AL AFRT SRS
YEPEIEAT T RGN LG, ARSI A7 50 H AR I 2 1 e %
Eryiie

2 AlTRBESIEHM AR

2.1 AITKEELIIMNEIE R EITE RARENRIFEEHF
ME

21463 (infrared, TR) A FLAT A= 35 AR 0k 21 486 i
(near infrared, NIR)JET7rF IR 815 5% sh bl e 9 B Am ot
FITR SRR, RERETCH . Do AR B IR M B0 A
WL ER . TR RS E 2R B E A RN
ST, FUREISE Sl E A IR SR e E S
%, NTRBRBEARNTIA, AOGIEERE MR 205 S
PUNSRME T S 20T HE SR, 3 T H A I A RRAE R 1
SO d

TEJE T S 5 M B Ay B b AR 45 0 AR AL T e
F 43 B HFENT RS, T B kAR 46 21 40 S (Fourier
transform infrared spectroscopy, FT-IR)%% & 37 5 ) & #L
(support vector machine, SVM )55 151 7Y B 4% v Jif $2 21 ity e
B O AS L . FREDES-GARCIA 25UV Xt U] G
(Salmonella enterica)li¥ 43 BB GT F A, I FHALAR 24 > B
X FT-IR D61 Hh 28 5 A8 B IX Sl i 48 BORFE A T2 R4y
2k, RENSAEE/ T P SE B Rl K ST 2R 22 I3 AL
K153 XFPEETF Z YRR G IS 2280608, HEAR
3% - 5 % ¥ (gas  chromatography-mass  spectrometry,
GC-MS)ZE Ul S 728 UIRTIE, AT iE—S AR A= hn
YIRS RHERRIE, A TR I B e o B SO0,

®1 ERTREMEFHEMEUE inaATs & H AL SRR

Table 1 Detection of foodborne pathogenic microorganisms for major inaATs and integration strategies of Al
IR A0 5 R A AR R Al EEA AR FARMH EHAR SRR 2% 30
% AR X A 553 23 FZARFROE I S 2
I ZA51 (46 5% Wi, gt TONRAEEEE S SERILA SR
. oy < nm: DNA/RNA b e AL, S FRAGETR, %
LAMP  BEERIETE DNARGH; o o) BEAOEHEHESR T e ; e s [17]
RN R (RT- ) e A RET- P Y JEAR AL IE; HELL
’ e POCT Jif Jf] filt b 2 8 A f5 5

RLRLAR N 30 St A, 28
NASBA 1%} RNA JEf74 44;

TTRNA BAFGg 0 MRNA)

RNA(UN RNA  SERFSENGBh J12- 08T
SRR IR bR

PEE TR RNA 5 i AR g Bt S )
FA I R, SR, IR
RAMERHOET  WIIERY ISR 5

mRNA) SEECTI A 5K

[15-16]

. i SN VA 2R 4341y
IA;) s LTS S
o % 2 it

HEHLAHE(CNN): LR
DNA/RNA 5. & . 56k

PTG ERNZR R RIRAL BEEY 155K 5

YoXb et ARURN  ARET  RH E (18]

o [ ST
REZTTH .
IR T b it

BT AR AT R B 4
RCA/SDA YIEFD] CTLEM; 38 A 45 E
Vel lIE:

DNA (SNP/STR  fF5 Bk, £&E
7 1) G5B~

it snp gy PRI AT

NPT R RGBS R

R s i o

Ll L ki
s

[15-16]

1 AT ER £ A1 (single nucleotide polymorphism, SNP); 45 5 1k 85 & /5 47!l (short tandem repeat, STR).
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TG RSB 5 TR b 2 L8 I 456, 5 A6 T [
MEAL G TR ¥ R 22 05 2% [ S b BE BT Y S 3 AT . BAIL
SR S A 0 2 DY R TG DR B 75 e B g oh, 51—
£ FL#h 4 W %% (one-dimensional convolutional neural
network, 1D-CNN)XJIT£1 41 & S 63k 47 IR 2 FRAE 42 4,
ARG RO T BT MR, U o A A
AP ROREE LA 2R Ak, TR XA T KIAFF e . R 5T
I B AN 4 T R A BRI 75 JeRES o O e T B
FRUBE AR IREIBORE, Ay PR IS 1k 7 i f 7 S0 IS B A 42 18 1
TR,

2.2 AIMRBERI 2RI REITE R AN RIFEMEETR
HME

LG S A 4G W 7 3 S O 7 A A PR Bl
JEik, R WA IR A TR SUE R, RSB
P % E M E T B R LR S hIE S SR
Joy BR, 2% T 4 9k $7 & % 1% (surface-enhanced Raman
scattering, SERS)FI HI4x | HR S QKA BN A Jmy B3R T8 55 125
FURILIRBON, K PL 2 BUNE 5 BB GUOR, fEsI R
TR TR BB ANNEIK T 2543 2 0 % 3 2 e e S 1 55
HHIOt, #H— L RFERIEM .

B T VR S0 T A AR A g R e A R, I
LI R I I R 4ERAAE S T S IR KA E
THBRZ W A BT M 26 B SVM 3%, RS R IR
T 22 R R AR AR 2L A ) R

AN TR) S0 T K L i 3 784 22 R) 1) 25 4 AH DL 1 R 5 3R
SERS {55 ® B EHS, BT Z WK IRG T YT MERE
HE ZEP R T —FloBURURE 25 Bt 22 190 26 94 FH £ AL
3 DA e I 7R 1 PR O e, RS TR ok ] 2D R B
JEIE Y SR PR U 5 42 Ry 3 AR R, SO T AR AR A3 B
AEBLAE SR (1 23 R A

X FA G WP SERS 355w LA BFF A= £ 3 2
RBE RS R, 255 % I RAEROR Y 0], WANG
ST T IRTRIER AN SERS BIEKE, Sl 17Xt
1 2 TR S B0 B ) AR SR AR, RS AL
BARBOERR T B MR AR K A B b T 5 | R ik
T MRS o X Fh e MR R AR+ TOAR L B BE AR BT R TE A
FRA% B4R IS U AL PR A A5 PF R, SEI T X R AT
A B IR Y 4328, HES) TR SO EOR m B3 R
i 25 19 SE P AL Ak -

2.3 Al RBE = 4T ER N B IR BRI ESD

Eéﬁ%ﬁ[ﬁj"ﬁﬁ%ﬁﬂi(excitation—emission matrix, EEM)
T R R S AR IEA T A, ARIURE S ki
REHE B o IRBORF I Y A i S A W b R Y
RS G T [2 JE 02 . AR . o AR I B R end — A% 1T
#i2 (nicotinamide adenine dinucleotide, NADH) 1% 25 IR IE 14

ZHH T (flavin adenine dinucleotide, FAD)25 1Y 6 RE4HE,
RSB AR T SR R 3 B P B B

TERL A i A 77 5 25 R RO IR AR R TR,
HLAR S S0 55 LR T 25 6 T B B Pt T
Pifit /1. PHOTHAWORN S5/ B i 33 35 50 9 o i
KGR RBE T, SIA T7 WERERER SRR AR
454G EEM SGiSIF T3l AN, iR A m il R a2
A5 SVM SEHLARSA SRR, XA K AT T s PR (R
i TR T B PR R B SRR AE AR A A T R IR SR B S B 4, %
Bt b A R RR T SR A R A KRR
SR ST

AN, X Z R0 B BT S0 5 4 S BT R
SATIKF43 B (parallel factor analysis, PARAFAC) 5 HLA%2
SR BI B G N R R T 40O S S AT
SUNDARAMOORTHY %5214 ] PARAFAC 53 % 1 Ji 1
1 BEM M i1 7B i, 4388 Hh AN DA RE AT 1 4 PN
PRAPEDE AR (W NADH A1 FAD)AY ST 434 i, Bl
A B 2k J5 1Y 2 B R E R B a0 A £ 1 A0 39 43 BT (linear
discriminant analysis, LDA) fl £ JZ J& %I #l (multilayer
perceptron, MLP)5F Al Zp28# Hp it iR S . TGkl
o 0 W AE TC T AMIR DI S I TR R SR 4544, S5
TR Z2 R R B R SO TR T S RIRP R Y sl s A 2
WX A, - T Z BRI LRI HERR 2.
2.4 AlTREES LN R BRBEY

56 15 45 R (hyperspectral imaging, HS)# & T
M2 U 5 GIE 4B, REfE A A0 AR E A5 IX S — 423 1]
S5 —YEE SR E R, AT A & 3 & Bk 8 v
YRR T, L G R A R A A A ARk Be )
(0 e BE AR, X% 58 O AL 30 T A BT T IR 1 AR
PRl

B X 00 R BE B s TR A R, O TS R 1R
(hyperspectral microscopic imaging, HMI)ZE &R & 22 > 512
YRR TEHR X . KANG &R 1 BT i)
TERA 2L 1Y) 3D-GhostNet B, 38 28 5 A i = 1ML
(convolutional block attention mo dule, CBAM)M = 4%
FPERIORZARRE . AETCTHR AR S al Rl AL R b2 hRic 5%
BT, SREERISEEE T X 22 AR I B VR S0 T Y A
KRS, HMER R B 00 T OO T — 40T FHE 2 58
IEERERPERN A HTEL 1D-CNN), A4 B 25 531 18 95 S AR
TS AR T R AT

e W RO A2 I, B e SIS UG B AR AL
TG MY IR 5 A S M B4R, FENG %1287
J1] DNN-SVM Filt£3 B R0 foF LA P ) VR A S0 T R A 7 AR
b=, W PN RIS Te B R, Al s A E
TR T R AT 98% A T HEAR K . 3K e HE I AT+ BEAR
BB A FC 4380 P BIVRT 58 B 2 B A 1 () 25 2 P O 2
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A RAERE T BRI ARG IR 0N R, I AE
I UK LA L s v i .
2.5 AITKEEZ R KIS 5 S HIERAREN RIFE
RIEY

Z PRSI R 5 2 61 A% BB R ) SR
Bl 22 A RERE U B DG N, BB R O A Y
S 8 RRAE o TR AR AN [R5 R A oy e A T2l
O3 FE R 8 U B 0 R AR OB, S I RlOR ) S
o WAL R RS B B TR B, (B Sk
PR AT T IRAEAL SR B, . 2453 SO I T IR THE
BRI L IR S5 )

AN T BRI L AR 0% O 3 N $E BOC HOLIE R AE, L1k
B 22 I B R AT AR, 2 AR AT YR R s
BT AR A A SRS T 200 zHU ZEBUIR & T Rl
B2 PR IBS 5L SRR X BAROE IR RS, It
T 2T IR E M & W% £ 5y R A R W4
(multi-branch network, MB-Net), 1ZIREE 5 > R GEN% [5]
Ak BRI BT A BRI AR A b 933 59 5 R S 6 TE R AR R
TEARAE I3 B AL IR S5 T, LT X EH 4 FhE
R AR R EMERG, IF W25 58 LT 45 B RINE & Lt
e 2850 VR B 1) e T

2GS G S G LA S BBk B N TR AL 1 4%
WIGAE T 5 R 3 L P15 P S0 18 KR G A ) 25 i P
EE o F 22 TS AL A AR A 2 X 45 AH 4 B 1 W 37 5 4%

BT EAINRKER, RENS S AR b 2R T A OG IR,

e 3k B BT A 7 e R A 5 AR SR, B
TR AR R, 4R T A AR Y e AR
EREFAR SN N A= - X | 1/, o9, ;- S =D =914
G e 22 JETEHAR M N FH T2, AL ZE G4 A A 2R g Sk
TRRREALA T I 44 2A (1) 4 s R 415 R AE 38 B ALk,
DTG5 B A AT e B B ) 322 467 1 A 7 e ) Ak B R
Jio Biln,  1D-CNN il —4EEFUE R F R 3, REMS B

M Istar il b A s BUR B UMY RS 5 SEAL AL,

BB RS T, SVM 2 T8 RO AR LA 7T 43
PR ST 5l ST 2 v A 2 () F AR AR AR 4 2R T, AR
bz A SIRRVANY = o7 NN e 4 €7 T S RS VI =R e E e U
WA H1, P E 45 A 3 R 43 43 T (principal component
analysis-linear discriminant analysis, PCA)ZE5 1 RENS A BL
e G B, MO IT R SR E S 59155008
5 SMERL ERETTIAMT, Wil R Mg
HIE M E R, SIS R RRIE A BOR S A, A E -k
A HEAE X i UG A 1 = AR ST O IR, =4
% T 4% (three-dimensional convolutional neural network,
3D-CNN)&S & B I ML e % W] A0 i R A 1) S 2 [T
BEES WAL SETEE B, SC2s (a5 60 4k B 1) 2 4k
RS2, BN A 3 ERA], EHMGRE R 4128
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Table 2 Summary of main detection technologies and application scenarios for AlI-empowered foodborne pathogenic microorganisms
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Table 3 Comparison of cross-technology empowerment mechanisms of AI in detection of foodborne pathogenic microorganisms
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