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fluorescence spectroscopy, MFS) L& i itk i 1% (hyperspectral imaging, HSI)Z ik 5 BG4 AR, Z5A N T8 68
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Research on the application of artificial intelligence in seafood detection

XU Rui-Qi, YUAN Quan, LIU Rui’
(College of Investigation, People’s Public Security University of China, Beijing 100038, China)

ABSTRACT: As global seafood trade continues to expand and supply chains become increasingly complex, there is a
growing need for rapid and non-destructive methods to assess seafood quality and safety. However, water absorption,
Mie scattering, endogenous fluorescence, overlapping spectral features and batch-to-batch variation in real seafood
matrices can compromise the robustness of conventional linear models. This review examined a range of spectroscopic
and imaging techniques, including Raman spectroscopy and surface-enhanced Raman scattering (SERS), mid-infrared
spectroscopy (MIR), near-infrared spectroscopy (NIR), Terahertz spectroscopy (THz), ultraviolet-visible absorption
spectroscopy (UV-Vis), molecular fluorescence spectroscopy (MFS), and hyperspectral imaging (HSI). It summarized

the applications of artificial intelligence (Al) in freshness assessment, species authentication, detection of freeze-thaw
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damage, screening for residues and toxins, and microbial risk assessment in seafood. It focused on the roles of Al in

nonlinear modeling, complex pattern recognition and spatial information extraction, and discussed issues such as model

generalizability, lightweight deployment and confirmation by standard methods. This paper can serve as a reference for

the rational selection, performance evaluation and practical application of spectroscopic techniques and Al models in the

rapid screening of seafood quality and safety.

KEY WORDS: seafood detection; artificial intelligence; spectroscopic technology; non-destructive testing; deep

learning; data fusion
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W R E E R E A K N AR iR
(polyunsaturated fatty acid, PUFA) X Z Rt R, AR
BRI A W2 I F7 B ORI 2L, BRI, 97 {17
TEFRGE . Wi S DI mIG R B 22 iR i 5L 4
ot IXLERR AR EEGIHANh 4 KR (DAEDIPERR .
T 75 UE A 5 R BB BT R A, R PR A
(total volatile basic nitrogen, TVB-N) 5 ¥ P %2
B LE UL DL R R SR A i R s 4R (I #PER
Ko G Rk B R (B ) i AR 2/ PR GE R r Ak
RINMPOREE SR NER; QYIRS v
FEWT RS R iR B VR AT, AR H #5708 0 v A ARt
W E LR, (4B FRES AR . WAZ R BT AN AT 365 S Ak
BAT, BEXF R bR 0975 A 32 B SR AR |
T AR AR A b oS B AR A T B R I

LR B ARERE, (FH™FAOB A A AT A 2,

or ] FE A HoAS &, kLA 2 B Tl i /K £k e 3
B AERE IR A TR O A T R P

AR, A2 A% R AR B IO T 59 Bk B
VEFIRRETE, R S B JCAD A B 1 A s A1)
VL7 2 ik I 2% ThT 34 5% $7 2 5L ST B2 R (surface-enhanced
Raman scattering, SERS). H£I 4N # K (mid-infrared
spectroscopy, MIR) . T £1 #F J% i # K (near-infrared
spectroscopy, NIR) . K2z Y61+ AR (terahertz spectroscopy,
THz) . % 4b - 0] O % i % 3% £ R (ultraviolet-visible
spectroscopy, UV-Vis) #ll 43 ¥ 3¢ ¢ 6 3% 4% A (molecular
fluorescence spectroscopy, MFS), LA & & 6 ii% il 1% % A
(hyperspectral imaging, HSI) WU FEAE#T-BL, fefgd
WA FHRNZ . BFREREGTE S50 B awer:, HiE
T i PR ) 2 AR 4 5 B 4 Fg e AR T

SR, TETNT E 2™ ST, iR J62EH AR AT I I
LTS i 4 U (K R S AR LTSS Kb
5 BT A K IR, BRI A4S Ahot s R EOR IRHE
SEOGIEmIAE, NIEPEE S AR B o R b 2 0O R
=4k 6 BE RN (inner filter effect, IFE) ™, A T4
HARBREALG I T8 4R, iR B el Foky

AIF Vg B e P A T A AR G R A2 B it ) AR SO
N T G (artificial intelligence, Al)FEZEFEHLEE ] FIRE
2 RIRY, T AR | & 2t L B S A
Z[EOGIERHESE > . B RIE | FR4E . ARSI A AR &
A B T OIS AL B s fb 2 b i I, E R T
(principal component analysis, PCA) . itz /)» — 7€ [F] )
(partial least squares regression, PLSR) 125 4k 4H f4: 43 ff 45 7
AR AT

ASCERR AT 5O61E S AR B LS G e 7 il BT i D
il 5 RS I T B s i g, IR A FIRBIOGIE . BT RE
RERITOCHEFD HST 3 Al I . b FaRais 2
FIFERL 2% H AR & SERS, MIR ., NIR Ml THz, HLFfg%k
BRAE G R FEARE UV-Vis 1 MFS. 7EILIERE F, 4
SCHE— 2 BT RS AL B S G TRAL |
R ARAT FE Zh tH RR A 2p Ja r B5Hl idf e rh AN RV
B A BN B AR AL . B B Ei el
BRI S HLS %

1 DFRICGERARTEE SmEFANPRIN

1.1 HBRIERFREIGBRNSHHTRATEE~RE
Zr B BAS I 9 2 AR

$I2 1% & SERS A it fb 24 SR s A $2 it 40+
GONMTESUE B . SR, 1 G R | IR E S E
RIS LEE 1 . 2T NE DT RR LA KR A R N R £
o TEHOLMAET, X% &R+ AN
WIRMEDECE 50 BT, R 5] 3K sl 20 4300 i iy 21
ST 2s 330 SERS HRILCIGRAL S A0 A, X Ly
AR TR R A 62 T, T BEIE 3% F A0 8 I 7k
5500 8 WU S L Oh G X — T, BB 2 N 45
(convolutional neural network, CNN)ZEE R W] FH; & 1%
IR BRI E . MR FE AR AR AR SR I, AT 42 & &2 Ze g ™
i 0T 5505 10 i R RE

FE I 7 DA S T MOV, A St IR LA
R A AL TVB-N 55 21 S5 A6 AR AR A A8 AR £ Py
FRIBCR v 220 I W e 2 1 B e T A ) B, Tan 500N g
JZ 0755 R (thin-layer chromatography, TLC)5 SERS 454,
R PCA I35 ) & [8] )5 (support vector regression,
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SVR)MEATHE = b AL RE L, Ho TLC BRI A I T,
PCA JEZRTGFEIZERE, SVR JE LR 5 SERS Wi i 2 [i]
M5 2R - Wang 25U B 5 HD SO0 AL, 456 2250
(analysis of variance, ANOVA)RFIE it 5 CNN, 3B
it B 425, AR CNN RIULT PCA. 1
i 7N 3% A 5l 4 B (partial least squares discriminant
analysis, PLS-DA)#I 3 1] 4 #l.(support vector machine,
SVM), ANOVA JHE1%E#E 5 A CNN SR 255 5, AL K
VEA FZ IR il i 11 S B AR DG AR &E, JF 22 S ax ik
At 2 [ AR A o Lin U262 A R fr SOkt 5
HE S KEHEIZ M % (long short-term memory, LSTM)
T o8 el SOMRBT e B VAL, BT B B AR TR AR R 25 ]
PEAS AL 185 B0 22 10 15 e et E] R G i N R AIL IR 5
Liu 245 R FRZR 2 1 0 B hr 2 F AR PR A S 4%
XTHRBTEERE, W5 FBENL AR bR (random forest, RF)iE#:
FRIEJE B, JF A PLSR . SVR FIM I S5, Horp
25 [a) 52 £ PI 2 Y6 i (spatially offset Raman spectroscopy,
SORS)H4 IR A4, & RF FRAELLFEAN SVR UGB T 4L
Ho M BARSCERPT LA ), PCA Fl PLSR k28 2% )
BB TR A B PRI E A, SVR . RF, CNN
I LSTM S ML 27 > sl B 27 ) B B 22 7R fH AR 4 Pk [m]
[= I = T N e Rl (R VS S

T g XU AR N B W 1 P R i 4 5 SR S 0
i, ZREEEARC SRR, F2aESMagT
I Yo} T 7 A I B R R SR VE R, AN
AR T — & By 5 i 25 5HE 71, NIR REfS e ek
KAy &t B 25 5 o TEE MR RYERE, PrE i@ A
RN E A RTE C-H X (2800~3050 em™") KIFLLIX
(500~1800 cm™ IS FRIE 225, ¥ 12 FhE A4 AW it
X Mgt | Rkt Sk = k3E, Ak, Xun S5
KAZHTE AR LS G AL 2R, SR G WL 20 FE
At A PEFF RG], HrR NN ) 5 4 (quadratic
discriminant analysis, QDA)ZEMIA4E [ Y uEwf R =, HfE
AR B G EEDE B, CNN 38 m R Erf 28, L% &
BILAS 2 > BB AL T 7 S ) B S i 2 b B R AR
EEXK 7 F5 g v B R A AR 24258, Zhang SR OUR I —
4 CNN (one-dimensional CNN, 1D-CNN)ZEHE ™ 5858 A4
JEE SR T FLAE A SRR AR SRS U], Yin S5V TR RIS
Hifg i, SERS 7EE 245k kIl b IE#I % 2 ) RE AL T
SRR AT ke, TR S LA AR 3 B AR R
TS AL RE | TR E i A

FEBUR R L 7/ ME LB K P, SERS HAR 5
Fin e A A EE R, RIA PRI . MISEUR R .
EHNRRR A FGERANESE S TR0 T,
DU 2 FE ™ i Y8 v S O Y AU R, SERS
BEARGE G AR S B R i T P S AR T B AR A R,

SRR TR RS E 1015 5 6. Sun USRI FHRLE Ok
L G HLER RGP T IR M 8, e AL /B
F R MBS T 802 5 P HR U] 43 K HFAE . Hu 450
B & 4 1 4% 28 SV (polymerase  chain reaction, PCR) Y
SERS Z54& kil @S NG, Horh PCR R AR Y 1,
SERS A 555, MR AR EHHZG AN 5 AL B
R, ARCA R A AZ R 3G R PG R AR B T Oy
5%, Tseng %% SERS SIRIE2: > I Iff A ML iR
A rfegg DL AH TR A PR, R FIARYE Transformer (vision
transformer, ViT){J% SERS ¥REFZASJHIRL M 11774 4
SERS Jii a3 Ay RRAE, T X4 5 22 G AL | B ARl
T 24 B ik o BRI XTG4 R i WLAN B, (R B B R AT
G HE (O A BRI S B A BT I s Y BRI TR
55, HZsE v fE A SERS i B 5 IR E R R 2k 4 3E AT 40
BIRBRR B 5% . Dingtiirk 252 R EU 18 5 B0 1 (10
PLEFRAEIEGE, oK U U S PR G 1A . Li
SR A RO SR YK LAY SERS HRILIE, LB T
S 2% DUISRE i K BB 28 R (A ARSI, Li SRR e A s iy
& SERS i@ B EAR . £H0 E 4: 8 &8, Wang Z4F)
FH UTTE A4K (A BRIE BLRSF-5, SCBLT A BB 71 SERS
R, IR 2O R DI AR, S TTERTE
FHEARY B . BERILT . S BRI S S SO AE
fITTH I A XT38 55 it 7 e A UM G, JERIREE AL 4y
AR T B R G5 5 MR iR SR LA . RoRAERE
AR . B YRACEME S BRI B R R, Pldns
BRI AT E— 2B T SERS 1 &I RARE G . S 404%
A3 AR B R R TR A IR A PR A

T VA 0 0 A 5 Tl O B RIS g W v, A 2R 3
FHHNRHLRETES AN, FERLE2FES KA TER
A5 Lei SN GRpL a2 S MR RAL B AR b, — e R AR
IE T YRR SR G, T T R A T P sk
BA YIRS Tian 2204 NIR 5178 e TR Z Firh 2
B G, JFHH CNN., R BR 2% > #l (extreme learning
machine, ELM)FIJX [ {&4% #1245 (back propagation neural
network, BPNN)ZEAERI TN FG 38 (X UF TVB-N, FfiEpEFEAn
Bomm A H TR & WIS EAME R, Pl IR T
BT R A RRAE S P HR AR 2 I AR RO R XA R
Hb L RS AR SO R A AT T S MR R B0IE

SRTTE, PLECREAEN ™ 5 YR % E 5RO AE 1L
AL A BT T B BRI A FAR U, PR T R R
A . e AR AR IO A AR DG AR b . SR, VT
R SRR RIROR XA, Ba AR
HIEE; RIBHEOEZE B IR A B, WasgmiR)Z N 44
FTCHH A . SERS I 1 18 5 SRy s i W 37 2 e (IR T A
FRUA N FALBAIb 2= T 2 TR P T R E L R4
AR, AL AR S SR B AR AR B TR 4y
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2. EIEF AR Zei RS0, Kk, SERS 58 RRIASS
G TR SRS TR 2 I R (S R AR
77, AR AT OGS iR ISR M L A T AL FR A
HEWRIZ Al 55 0]

1.2 AR E R AR T K UE T 4 5 FHIE P 4E
52 A

i L AR B fP 2T S5 4 R 5 NIR % O-H N-H.C-H
o A RER U, AT Ky L BERT . BT
AR AR A o TR i 1) 2 U AR R 7K A K
G, JULPR £ R0 R T 2 R 3k GBI, BR ek 58
Veffs 5 OB SN, Bk, fRifEfh . BURE. R
BEFEFN PLSR %6 & T AL B sk b 2% 11 224 95; SVM., RF .
CNN 58 L TR Lok 43208 XU A1 31 F0 22 78 2 F,
AN BBl 2 R T %

T ik FEVEAL S IS T b, FI K AR A% O
FIBER AR | R R A IR R . Panwar 457
448 B 1253 NIR (Fourier transform NIR, FT-NIR)FH T4 fif:
1 7 B 7% 8 (total bacterial count, TBC)FHICEMGEMy, H:
KA TR RAE IR LT AME R, TR0 2 A 1 1 E A AR AR 4
(standard normal variate, SNV)/detrend T4 B, R |
PLSR 1% # £ Jt £k 1 5] IH (stepwise multiple linear
regression, SMLR)&F k412 5 ksl WU 5 B S 045
M), 0705 200 T S DKOAH S A SR I 1 . Ninh 2SR I
MAFR: NIR SREESS 6 | S0 @M ARE SO, F ik
100 ppm ZH % BUERGRE b 40 G AR W2, oY
HCEE T Yok (decision tree, DT) K JT 4 (K-nearest neighbors,
KNN) ., SVM , # s Bf JE $2 Ft-(extreme gradient boosting, XGB)
I CNN Z5A570, CNN 24 93% M HER F LML E 2 > W N2
WA 2 A B S 20 e XU A G A ] 425X, T AN J2 152 B
B IH e U, e Ah, Kashani ZEPVENA AT IL-3T 2140
(visible-near infrared, VIS-NIR) . 4% i ZL 4} (short-wave
infrared, SWIR)FIZEIERE, R KNN, RF, SVM
KRBT VP TR AR R PO fe: | WP AR AR | 77 F A FIAR
ST TEAN RIS B Y i BE AR AY . AR SEh, SSRGS
TR AR RIGTEE B 0 BAME B, HLas 2 ) BRI T
AT AL R 5% A5 ] (4 5500 LUK o IS VR BRI S A
A T H BRI AU S 5 s sl B ikl

TEBIL T B RR 5 E R 24 B, aAhhig
FARTE S SR BUCRE S PE R B T 5 2 LRt 4, R4l Bifg ™
(RT3 2% . Benesova SR FT-NIR 46 1 (RIS |
BT Y S5 AT T R 4, RIWLLA0
TG AR A0 TR 2 A A3 T rp A R N . BT A
BI85 24 52, Ayvaz ZPEEA I NIR 55 MIR, 128 T H#irp
T 15 D1 (Mytilus galloprovincialis) B 73 58 i R 55 (a0 f0k 5
KB ZEF M PR W, 45 G085 LT B A
HIFRFARGEA PR R . B 5 FR5E R Ak, R

ZLAMEARAL T TF UG T i XURS ¥ 7 it v 22 A i s vy PR S
A, Currd SF020E NIR T 440 P R LR T2k sy
fili, Rt NIR 78 5 RS £ BT s 28 i P B3z 0 IR 7
T VR RSO U 7 TR, W R PR A 28 T A 208
FEAL PR EURAE, 75T IR UK S S B A R v R
PN R4 . KR FIEE LSV . SR Rl 2 e
R R . S BRI R S5 R 25 Ak, T s
[R5 R NIR Wi )i . Giro-Candanedo ZEP3F] AL S A
A5 NIR B X/ it 5 — R 2 YR R i £, 548
YRk O ZE N 25 SRR R B Jiang S5ECOR
NIR 547 ) JC BF ] d5c /Dy — 3 X0 1 [RHE 8 34 1) 5 AL
(directed acyclic graph least squares twin Mahalanobis
distance-based support vector machine, DAG-LSTMSVM)X

Ba e RSN <R s M B A5 s N P R i D R 1
AN [ AL 3K 7 ) ) IV RRAE, AN BB 1 B B BH VK S A
AR5 [ ) A K R ML . AN, Liu 2SR T ek ik iy
25/ Bl (twin support vector machine, TWSVM),
FAF X @R DU SR E M R B RZI5 R0, R T
NIR Z5 G AL 2 76 2w B2 Pl i s i Ry . X
T H 25 MR (ARG e, Owen ZEPOIZELp1 284 5 $RH
T N T A A SR = SRR S P R ) B RS T
TV 4 GF MIR (attenuated total reflectance MIR, ATR-MIR)
FHOE, T RS e e i A d i T 500k

MIR/NIR HAFE il Hir b A XS 3520 | o 7 45 PR A5 A
G EL SIS, o H T SRR B
AL AR RS PGP . SR, TR S OK R,
IR FELT M B 1) 5 IR SO ) 18 K VA, [RIEs, AL
LRYEERY . FRTE S ACIRASTIRE BB 22 et 5 R
BRI IR . JUHAEIR LIS BL, O-H. C-H i
N-H 355 A5 5 B RIS 358, 255 SBOEIEE S,
el B —SRRAE W XE L B3R o ELAAR it BT AR A o [k, MIR/NIR
BB A VE R S A L O XU AR Al g B A PR
ity TR fbsat a2y i B A PR OE . ARk
FNEAS AR, AL FR 2R AR RS . KU 2L
2RSS Yo s, I O GREREE 5 S T AR bR 2 (8]
PIAELR I BRG o J5 SERi o 0 EE R SR SRR | RIS KL
WEELERE | YNGR IR A NPI ISR, LIS SRR EAN
EEER LN | W= w1 1B 575 = R D T 4
1.3 XKz HERAREE K RERNT BB
A

THz 38 S B 7T 4R sh A 55 2> 7 [RIAH EAE R, f8
% A5 S £ it PR S5 48 5 K AR S AR R BT MLk g
tH, THz XF7K 502540 RN 5540 BAE B B, 7T AT RIE
AR R TR B R K/EE G KA LL R G5 | B 45 48
A B Y 2 528

TEVTA 77 Sopr B B 5 R BE IR, FEMK AL,
LA ZE R R F R I AR A S i R AR 25 e . iR
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AT N, R THz W F R BuE - i mE s, BT
KRR HLIA S, Kwak ZE55RH 0.1 THz WK #52% % 57%
w4k H FR A R 4% (You Only Look Once version 8 nano,
YOLOV8n), X T3 o Y 5 64 7 2 0L R R B A 1,
FHFI TG TP K8 B o IR 3% Sk 44
TS SR B, (BT S ACKRS S
UR], HIEEE A RE B AMEE 2 5 & /K £4 4 . Zhang %5140
454 THz. LRAHLMERILAG T3 140, XK=
JEUE AH 5 BBV (quorum sensing, QS){E 54> T #E4TIL
BRI, /gy F XU R F R R 22 IR BRI T kS
2% . Yoon 25 IE A TS [ 2 UG A W 1 A 2% ik B EL A T
XA g i g, F GBI 9 5 4R 1] 26 R SE Rt . AH L
Z T, Hu S5 A 4% 30 S A A 0 v o 1P B T 5%
STENEF: 2SR R RR % S 5 i (5 B R
&g . BORIAR B, IR SE Mk B N B AR
(competitive adaptive reweighted sampling, CARS). Jifi5 B
A5 8V BR (uninformative variable elimination, UVE)F134 %%
B B 1k (successive projections algorithm, SPA)fii i 4 F1E
BB, #3r PLS-DA . k% #5447 (linear discriminant
analysis, LDA)FI SVM |54, Hrf CARS-SVM #ERIHL
18T B mIRAES R, BUCRE, THz E1E dbksil o i
HET A BEEN: . — BRI RIRENiE)); Al
B AT a2 Y SR AR T DA e DR % 50 v i 1k
B RURE, IF58 A28 e R

25 FRTIR, THz B TXKA-RES L RS A e
PR UK, S A TR S/ N UEY YIS
SRR TR A DR B A . ST AT AR MR BT A
ATBERY, (B 235 ARG I . KR 2% AR I BE Al [ R
&, BT A AT EL@B RN ES . R BT
FEA . A S0 A PR #e 7 TR R X 43 B ARG IR

AR B A AR LR 5 T2 S T 5 1 SR S A A,

SVM. YOLOvS8n S5 #1855 > sl iR i 24 S A AU A F 4325
FENAISEE A B, FEEEN R, Al HATEZ REBRE
THz {7520 D3RS BARMRBEE 1, FFARREIHER = &KiE
PO KRR ZE I AR IR, S BERROAE S RTAL B . AGI
REEALFIANRIGIE . AR 5T 0T S — 25 & F 2% |
P AL IE IR AR, $2 T THz JyikAfE AR AR, fi#
P 2% 1 R B4 I 3 55 v 93 I o

2 B FRERERT G HEARTEE 1N Ry

2.1 ZSM-AT IR i R R R A

UV-Vis 33 BR300 53 P ER L HE S5 44 1) Fi - RERBRAE,
RENE S WLl 7 2 2 A AL B AT A RRIE I e Ak, A
B E g, 2R I8 )5 W = B B2 IR (adenosine
triphosphate, ATP)Zxi% 5 [ iy HAG ¥ IR (1 138 IR A% 1T
(inosine, HxR)FIYK ¥ M (hypoxanthine, Hx), iX—4FAEA

W R BB K A2 PE 0 f T 6 3 (0 B B8 45
Rahman 25 R4 44 IR W% UV-Vis 6% 5% A PLSR il 4
W K {H.PLSR J& T{k2=it 2= mIH ik, FEA TR
KIREE RS KEZREEECER, NEEITN AL,

B X 2l P B AR A e SR 1Y 5 ) A R
Silva FMIEF UV-Vis SHLERS 2 BRI G, AT X
AL R L N I 2R R 2R R RN B O 22 5,
IS BN AT o A A I ) A O R M U T, £
RBMACHED= K TVB-N 55 RaE N RR
TP T A5 M B B3 o Postolovie ZEMUT % T gker Hik
WH RN ZIEIUZ R, 4856 N T4 M 4% (artificial
neural network, ANN)ZE 7. T B €4 i 1 5 S0k /40 R T
fif 22 AP E e R, Hidp ANN BERIRIUELr, HATF
4 °CRETRAMF T a7 i o F4 X e 2 W

UV-Vis WA BASBAR . M p s B, X asqb | Ff
TEMR AN AL SO S AR AL B U, 38 A F 1™ G i i AR
b K (EFAACEA 240 . PLSR S8kt @5
PEE AT AR E & B H, SVM. ANN S5
AR NN P 22 2 500 00 530 s 2 i 75 i RS =2 [ A
PR, BT R, UV-Vis b R AT A IR,
AT W] DUER i A B R 0 L A 1, RS RE R AR TT S
PCR SWUEJr 5L, WABEIHBRAE S, AL T 22
W T KRR AT i 45 G 2 6Em A . FIif
FEMLAR 7 > AR i AOAR Y, $20%5 UV-Vis Jrik7e e i |
IR i A A A BT 2 43 b R e Pk o
22 PFRAXERARR = 4RSI R

MFS fE %8 1 8 % i 7™ 20 240 355 0 N TR 58 6 A
RIUELA o 5 10 = 4 8 K - & 5 4 B4 (excitation-emission
matrix, EEM), 7E08 77 WoBT & BEIEAG b, SE0 fa BT B
EEAAARIETE T N R 0 A . fE BT AL
R, S R (R 1 B A0 B TR ) 5 0 D TR 0 T i g N2 vy
" #ZF 2 (reduced nicotinamide adenine dinucleotide, NADH)
G RPN BB RRIE T T I 7 Vg 5 11 W 45 A
SONpEie s, AR AR, NADH S5 64 5 BRIl
SRR R AR ARA, HURE N SO B E At e ] kAR o AR,
M MLRAZUY TFE I R2Ota T B ES, JHsm
E A L)

e EEM 2EGGIE M5 BRI, AOCHFZIFE B
FEMOB R EEM BIESEATH18T, 1h2 SR AT B 43
MT(parallel factor analysis, PARAFAC)H H & 2¢ (5 547 i
JAF TRAAELL Sy, TI45 A P e ) 25 38 37 3k S 2] 4y 5 i ff i
TEFRZIA) (0 2R . 1 X 5 £ (Aristichthys nobilis)7E ¥4 45 FH 2
AR I, You W T EEM-LSTM A): %A% Sl
1t PARAFAC #2105 (0 202 Fl NADH AH G i AR 2641 47,
TR A S (8] . YL Ao el s L Rl A LSTM, FIF i
W TVB-N B A E 212 520 7 (thiobarbituric acid reactive
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substances, TBARS). K {HF1 &G H % (total viable count,
TVC)5 Wit FE bR . % ik, PARAFAC F % T R#(K
EEVOLE SRR, LSTM NF] FH H 8] 77 51 AR G
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