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FE X A R AR R ik X R S IR A B A 55 ) AT, foff TR B 2 ) R 2% >0 Rk
S5 TG G A R £ G A SRR B DGH T B AGIN Jrv . SRAE B S GRS RO S |, T F S Gk A N FIAY
TEE S BOGTE FFAE I K, TT & B WAL 22 3k 13 & 1 W 4% ( gaussian-weighted multi-head attention network , GM-
ANet) 3 F 32 #5 1) F ML (support vector machine regression, SVR) it/ —F& 115 (partial least squares re-
gression, PLSR) FfHLAR# (random forest, RF) , 1D-ResNet 25:4% 48 5575 4 37 MR Ak 7 fa e R A AR A . 255
71, GMANet [¥ 45 5 FLI0 32 77 iR U2 22 RMSEP MITI g 2 L (R?) 735 9 0.008 2 #10.884 4, L TSR EE 1Y
BRI SVR, H RMSEP Hl RG 43512 0.007 7 F10.818 8.
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52 R 1 R G MG B DG 1 B S A it AR
J2 H 8 2] 28 AVRRE AN BR BE Al 42 & 0615 5 b
) R AR BCHRARRAIE , iR BB SR I A2 SR 4 i M5 B . it 2
JE U R RE 4R I, TR T 27 ) W 28 A RE 6% 0 BT 14>
R ISR | KB R R 25 W] 56 28, DA T 4 A 1
K B2 TF R AR Iz Ak RE T -

ABIFFE LGOI 7K Ak AN ] B[R] %) e £ kg A58 60
SR B A OGS, JFE B VAL T RE i
DRGEEE o FEIIER b, 2o 0l T BRI 1O 1
FELR 5 0 1 i £ ol v S AR 22 3k 1 3 0 I 4% L
Ko 32 FF 1] & HL 2] U5 (support vector machine regres-
sion, SVR) | & 143 [ 15 (principal component regres-
sion, PCR) i /N — 3 [B] 5 (partial least squares re-
gression, PLSR) (1 FR 2% > HL[9] 5 (extreme learning
machine regression, ELMR) . Bl )l # #& (random for-
est, RF) il 1D-ResNet A& G051 068 55 i G bk
SR EEFEAT A, B A o mOGIE H R 5 AR A 1Y
Al SR AL G URPPAN 5 I RO AR IR R 1Y SRy
B, S Th A7 it S A 528 T ARG A 32, 5 b7k
TR RIS SHOR %

1 BB

1.1 RIEEFER

ik I A R K AR BE 03,6 d, 45 A [H] fif B 5
JE g B AR S AR R ) S i A Sk
g, KBRVINE % 5 Rl JC R R )
HEALA, Bt K 29 5 em, JEEE 2 1
cm , FR A5 348 1y F A i TS B R 46

A FE R 6T R4 R 40 32 2 =G g
X (SPECIM, V10E, Finland ) \ B XUES R SEHE 5
i B2 HL 45 88 2l nl THRE T 5 (bt s 3r BOBA RS A B
8], HISA-TSA300-IMS, Hr [ ) | i 2 AT Y68 At
BHLBAE , ThinkPad) SR 41 AL . Hodr, SR n] LR
A B A K LR 300~1 100 nm, Y% ar#% Hy 2.8
nmo AN (SR M R X SR A 4 SR S
TERRIT I G , T B XA i 0.5 h' ™ iR
B, RESECHR BOGEHRIN 0.1 s, BB 55
SN 1.8 mm/s, F & 8 s %% B 280 mm.
FEFOHE R G , Syt e e A B 1 S S, i B IR AR
W TR TH K 53, IR FE AR A T A B A bl b
AT . REREWME LR,
1.2 SREENE

2 6 Wang %5 JF Ji B o S R i J3F 1) B B 1A+

1. i %X Hyperspectral imaging system; 2. X 2 %] Vi Halo-
gen light source; 3. B8 4% 1J #% &l F+ [ - 5 Electronically controlled
movable lifting platform;4. 4 5 Sample stage;5. 71541 Computer.

Bl ShiEEGRERSK

Fig.1 Hyperspectral image acquisition system
W R A 58 IS BB 1 B AR AR AT s
80 “CAK ¥ INFA 15 min; 38 48 e X A VL PP A A 1Y
FH OO A% R BN R, R B E O 0.125 9%
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W TG K HARA (D), TSR 5 1 B e R 5
JEAH .

U,=9.6828 X 1gCys; + 34.8 (1)
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2 I ROE EE Ry, , 843 45 3k R 4R 2 BB A IE KR
Ry, SR G AR5 A2 (2) TS B J5 1Y EGAR X 2
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_ Ry—R,

Ry — Ry

H, R REME 1A mOLIEEIR, Ry A
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PR PUBS R X I (ROT) o A9 R FH R B3 1 %)
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A X, fe 26 N TE N 3 B0 1% 2000 15 311 01
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1.5 HHERKIERE

TE e 3 N AR 25 (competitive adap-
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tive reweighted sampling, CARS )i i 2 25 7 4 % K
W, BB P . 1%y i ik 58 4
B I AG B> P B ARE 55 W 5TRk , JF A 8 57
R HACE, DT e 28 0 i ) e B B P . T R
HETE PR ICARAR B AT TR AT CARS J5 ik e #5 4¢
MEP A, EBRA E B BRI P, s> g s
I3 o TR AR
1.6 BAREHXIS

AR ETE B 5 SR o B e O T b AT
FRIYIN R A, T ZERREAAR VEAT R 53, AE DAL
BRI PERE . 7 I GEHL e 2] 5330 X i e i 1
PEAT JEASTAS DU I, ASBIF SR T 1 O3 - B AL 3 A B
25 7% (sample set partitioning based on joint x-y dis-
tance, SPXY ) AT FEA SR 193] 77, 17755? REAE A 2

FERIREA I 2R AR . R0 5 OREAR S 73
BETEAEA B , Lo 3:1, Hh BIESRAL 5 2614
FEAS, TN RN S AS R0 240, F00I0 4R 40,5 87 M
A, T PP A A A B FI0I0 E RE 7 8 R B A 2
28 W28 J5 D E AT B R ARG T B, R TR B A ) B
P EAA BRI A 15 N RE AR R 1) b 2 RE
71, P e BB LI 23 0 T7 4, X Fh k) o3 75 BB B8 1
PRI 25 £ F0 ) i 2 BA B i B AR M L A 2
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Fig.2 Structure of deep learning network GMANet
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DB, R T A ) Ry A AR AR S B — AR il
15 55 PR FF AR 5 B R DG 14 DG B DX AR A B v YOG
FEJE AN A G BT A B3R A B0 55 S B
W R AR B Oy iR A, O 5 XA R S 15 315 X
Prico

MAE H T2% 3 m 908 A IEZ M G &R, F %
JE N 1 AR iE 2 1] B IR J2 06 R AT A, Horp i
B ER 43 22 3k 1 1B (multi-head self-atten-
tion, MSA) ™' 7 40 A 6 33 6 WA 5% J3E 4G 0 £ 4T 55
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PRAFIRR I 2 G B, ARG R R RS U BT g
B Kbyt € R AN UL C N [E S S E =W
PLHIE A IFAT IR 2 B 7 3k RR B 4 AN [m] 4
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K ME (V)RR (220(4)) gl 3 Q MK
2 8] AR AHABLEE A T SoftMax I3 — 1k J5 15 21 vE &
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SA = Attention(Q, K, V )= SoftMax (

WVo(5)

Hep, W WK WY BA S, d, R
HEJ , SoftMax PREUH TIH— A E . BAERE Tk
TFREAF B AN A R o AN i R v AT g
i ol 412 I AS [) Y 1% 308 T 22 i) A0 R Sk |, R S Y i
TE AT RE XS £ PR A S IR 5 R T A SRR I L Ath 3 3R]
RBAR I 5 as [ A DG RRAE o B AT IR 24
TR T3k AL RE AL [R] I 3 ok B AN (] 6 i X J A
23 [ X I P £, DA T S5 300 6 AR 50 5 1) 22 8 55 43
Bro 3K 7E 7 73k i i Hh 285 Sl 3 D422 (Concat) Ml
IR B W, IR 6 AL 38 153 3] e A FRAE
FRMSA(X):

MSA (X )= Concat(SA,, SA,, -**,SA,) W, (6)

I, W2 20 B P RRIE 2R i A B 2 2 BN HL
(multilayer perceptron, MLP) Fil il £f1 [A] (1) fif b 558 3,
MLP E 2 i 22 s 2 S AEL TS K2 GELU
L, de Je i 3 P 2 A T S T

[ BF, oA 6 3F GMANet i 55 £ £ R G335 6 1 3
JEE R 9 A 0 L A BIE 5 () B FH A% S b 2 20 57
1% SVR ,PLSR .PCR .ELMR . RF &3 Fl[f] B0l F—
HECTEHAR 1Y 1D-ResNet W28 HE1 T A3 o
1.8 REMIEH

SRR SRAE R E(RE) I P R BU(RE) A

eOE ) 5 M iR 2 (RMSEC) | 7l i ¥ 5 MR % 22
(RMSEP ) 3 -4 46 50 %6F £ PR fif A< 3% J3 T30 £ o4
PR E I, e RBUBET 1 34 AR IR 25 /N,
PRSI PR v o

‘ " [7A1>2
POND ¥ 11t T 1 %!
20 (yimyYy
““‘2”7 (¥ )
Rye— ‘e% (8)
A n

o,y ik FLS LR 5 S5, 9, 2 I A R 5k
B,y 2 LB DRI 1 P {8, JE R AR BB

2 HRE5HMH
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1 BREANERESESRKIERE

G FE 300~450 nm A1 900~1 100 nm i BE it
{50 A5 L B I 450~900 nm 22 [8] (OGS HEAT IS
SEAM T, SO 7K A B A [5] B ] fi 5 0 o PSP 240
N AE P K e B A AN 3 s . fh A 3 H B Y
S T, SRR 550 nm ARFFE BH 2 i T e
C=0 BRI 4R IR s A 52, [l it ) B A7 450~
900 nm Y B B (1 P2 6 1S i R i K 2 5
X ] e 5 A ACHE AR OC . FE RO K AR B T L
K, HAAR P R SR RTRR 7 43 i, SR AL e S )
B 7 A A R it 2 Ak BB ) ) 2 £ 0 43
AN, B SRR, JU R A R A 2R, X 4k
Y IR AR OR ) SRR LAY . A ERR AT IR T S A
C=0 #"", HAE 550 nm b IR ShERE S0 1 % fa
(R S A2 DRIl FH R A 9 S 15 X5 AN [+] i A 2
R[] T R ) I AR R R AT X A e A — T AT
PERY .

H P81 3 R, T 8 BBCAY AR AE I K A 450~900 nm
0 [ PR 43 A 8 R #4750, FE 550 nm 1R W i 0
650 nim A4 I A 28 A2k, A 5 K 11 36 B B — 2 1Y)
REBEH XTI RE S FEEMR W RS &Ry P
C=0 A NH, #EAE XA i g sh A .
22 HIEBEERNER

GMANet. 1D-ResNet ., ResNet B BT A I &5 i 72
WITER B 2 2 IRk 55 2 AT . TEVIZRIF MR e, i &
SEO) RN 4 X104, TEJR S SRad AR PR A%
TR TR ] e 2 2] R 2 3] S8R S e MR 52 R B il
LRI/, ELE 1 X 1070, YR b, 52k (i RE
YIERFE K (epoch) (AR fL G HANE 4 TR . i &4 0]
1, FETT 2004 epoch, BT AT R T (1R )11 25 bt 2k 35 7 1
T B, B 7E %5 50~100 4~ epoch A} , 1D-ResNet £
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Fig.3 Average spectral images of grass carp and
results of characteristic wavelength selection
ResNet 58I Al 545t 2 i 28 277 A 1 BOR MR 2 197
%5 , GMANet 972 55 i 2 0 W1 58 B/, W GMANet
et B b A S p S L. 7E4 2501 epoch
ZEAT Iy, AT RS R 45 2k i R 1 1A A A B
W8, GMANet 41 2% U 8 22 2 3% 0.05, 1D-ResNet
PRAAAICEL E £ 0.18, ResNet i RAH UL E £ 0.16.

1.0
—— 1D-ResNet
T [ GMANet
.............. ResNet

0.6
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0.4f %]
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Fig.4 Loss function variation curve during training

SRR B GMANet [ 4% Xt PR G 15 2 e i 1 3300
A 5P ¥ GMANet M 4% 5 SVR . ELMR,PCR ,
PLSR \RF il 1D-ResNet F 3k #E4 7% L, ELAA 4 5L 4n
FLPIR. MR IATLIE th, R8s Ay e s
TR RGN 45 SR, e GMANet (0 £ f) 1900 2
etk , HERMSEC H RE A T4 HA5 7 vk (0 B A,
43924 0.005 6 F10.921 4, - ELAE 70 48 -t A 4348
Lf B MR , RMSEP Hl R? 43y 0.008 2 F10.884 4,
W GMANet W 45 HA 80 44 8 1 51z fb Bk
Ho ARG L B AR S SVR B A 7 A A IR
R ELAT B i e e M A IR 4 5 N A i RMSE 5
R? 3 AR 22 0.000 1.,0.002, 1H 5 GMANet [’ 251475

FEAE—E 2208 . ELMR J7 A TER IR 4 rh R BT,
RMSEC 1 R% 4351124 0.006 4 #10.867 5,{/H ELMR J5
T E TN 4 v R RE I AT T B, RMSEP #1 RE 43 51 8
0.009 1.0.758 6, F B ELMR J7 112 ALAE /1 A0
GMANet [ 2% fil SVR. #f lb Z & , PLSR, PCR Fl
REF B3 4 37 A 45575 ) 3 B4 ol — i, 0 HU& PCR,
HI 25 4 A 4R B9 RMSE 43 5114 24 0.010 7 Al
0.011 1,R*435124 0.633 1 #10.601 5.
R BARIEERONER

Table 1 Fish spectrum umami taste test results

S ROEM feibdee BISR mseE
Method RE /%%Z B "’{\ﬂ
RMSEC RE RMSEP R}

SVR 0.007 6 0.816 8 0.007 7 0.818 8
ELMR 0.006 4 0.867 5 0.009 1 0.758 6
PLSR 0.007 8 0.806 5 0.009 6 0.704 1
PCR 0.0107 0.633 1 0.0111 0.601 5
RF 0.008 0 0.716 1 0.008 8 0.633 0
1D-ResNet 0.007 9 0.700 6 0.008 8 0.680 4
GMANet 0.005 6 0.9214 0.008 2 0.884 4

AT RIFEAE A — 45615 1 SVR VELMR %5 )7
¥ , 1D-ResNet BG5S 45 2%, RE AN 0.680 4,
A AEJZ A A 1D-ResNet S A #5 4 Al $2 21 5 D6 1 %
P i AR L ERAE T SVR 25 7 v Al 6% 1 1 1% bR %
A Y b b B GRS R AE M OE R . SVR,
ELMR % 5 5 75 Ak 31 i 6 1S 5 46 i, AT e 2 X T
705 AU 2 TR RO g {5 B, S i
i AL AR T A R B 1 GMANet 455 03 5
23R IALE A AP S R b R R e £
A3 1) X 45k, DA TG i 408 4l B2 390 1% Hh 9 i e 2 4,
HIR AR R B i IE A B 5 2 [V RRIE Z [ 119 52 4%
KR XFHLEIAEDS [ B 2F 2] I35 38 B P
KRB OC R o L X R I 20, GMANet AU
i T SRR AN AT CUn LA SCEE BRI 43 A1 ) B R E
0 A% Tl 412 105 T 100 A2 AR, A sl 2D B 1 2
YRR FARZR R 56 22, DA (i 2 B T T A o 11822
2.3 HRAERIS

b B UE 4R A T R T BAY E AE BR I S
Transformer £ 3k 7 & 71 45 & 1) GMANet X 4% i 45
BV AT T — RAVE AL . Bk UL, D
ResNet50 1 4y HE 2k () 28 #5475 [, 75 GMANet % 2%
AR 1 22 B = I UER AR R B | AR B8 Transform-
er 2 3k 7E & ST, i2 fE GMANet-No-GFM, 7¢
GMANet W 2% i JE Ay I 2% B Transformer £ 3k 7 &
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JysEHe, ASUOR B e T AU AR LB, E A GMANet-
No-MAE. {ifliScBE R a2k 2 fion .
R2 HEAXWER
Table 2 Results of ablation experiments

KIESTr  ROEdRE  B4T5 ks

R
M2 A M2 A

Method . ) . 2

RMSEC RZ RMSEP R
ResNet50 0.0132 0.665 4 0.0159 0.6326
GMANet-No-GFM 0.0100 0.747 8 0.010 3 0.720 2
GMANet-No-MAE 0.013 3 0.686 8 0.016 3 0.668 5
GMANet 0.005 6 0.9214 0.008 2 0.884 4
ResNet50 0.013 2 0.665 4 0.0159 0.632 6

22 A0, B AR ResNet50 W 1 VR & 4%
22 ZE R IR BOGIE 5 B T GMANet W 7E L S6AE E 5]
AT AU S, X B RRAE SEA T INA , 538 23
2 R VE B IR FEAE AT R B A . 5 2k M 4%
FHLE , GMANet 7645 WAl FE br b2 90 b A 35,
HE—BHIE T GMANet 78 1= i G AR B b i A5 5%
£, 1 GMANet-No-GFM [ 5246 45 5 Al %1, GMA-
Net-No-GFM # %} T GMANet 7 RMSE #1 R” 5 5
¥4 B R R, Hod RMSEC M 0.005 6% 22 0.010 0,
RZJN0.921 4 FREZ 0.747 8, RMSEP M 0.008 2 [ &
0.010 3, Rp M 0.884 4 F[# 2 0.720 2, 156 BH i ¥ AL
REHE AT DUAT R B 0 OGS AR B i S 5005
R AZ AL A AR b B A o R P R B
RUX oA A SRR S | S BURRAE 45 HR A BE B AT
W51 & TYERERY T R [FRT, Z2Bk Transformer 2
Sk VE B BB 19 GMANet-No-MAE PEBE T [ 8
HH 8, A OE A RN I 4R ) R 3 B R T 0.234 6 Al
0.215 9, 13X F B Transformer 23k 13 & e i
T2 AL SO B £ A S G R v ) 4 e AR
SEFR R B A G A Y i B AR X i
R B TO0I (4 RE 7, D0 LA b 355 KRR 22 ] 1 G
HRET 30 b S L3 i X — B, AR A R
TEFE ORIV B4 4 7 1 (1 RE 71 32 238K, AT
FECERE IR TR
3 3

ASBIF 53 ) e £ i A 5 R A 00 O 5 R B
K FIRE AR T DR S5 ) T, DAl 38 7K Ak AR T3] Hsf ] 174
FLAO ARG SR AR S T IR R B Ay 7843 1
i T 2 (B SR B B T — B T A
FFRIEARIE S Transformer 2 k13 & J1 454 1) GMA-
Net [0 £ A5 H4U T 0 7L 0 e bR 5, JF 15 SVR \ELMR

1D-ResNet 454% 4t @A 00 HHAG TN ASCR -

HRIT S A 5 7 8258 1 D635 i BT T P Y O
R AT B, A58 1 R 45 A IR BRIV Al 5 R
2] T v B ORERE A0 R G T S R SR EE SR AT A
IR 45 B, GMANet [0 25 fity B f2 S 10K 55 58 5 0]
OB B TAL G5 2 i B8 SVR B BUIAR AR , RY
FITRMSEP 43511k 0.884 4 #10.008 2, #H H SVR #y #i
A T 25 S 43 B T T 6.49%6 F18.01% , FEAZ IE
SRR T SR B S AR R . S0 -4t
P K P i) 1D-ResNet 4 H , GMANet 1 U5 7 4 B
A #, GMANet [’ 2% () Rf, % 1D-ResNet 2 J+ T
30.27%, RMSEP [k T 7.31%. LI b &5 3 £ W
GMANet /] L7553 F &G EHR 2 AE S, 5 H
BT VAR LGS T G R R s A ()
B, 38 3 T ST 56 36 UE T R ST R ) REAE B i A R
5 Transformer 223k 1 B SR A DRk EE . 3
B a5 R W TE KBRS oI R AR LB A A5
TG VR IE B X e 5 Oh % 50 OGS B S 83U
TEHR HRRG BE R AIG, 7E 22 Bk 2 Sk 0 B A e i, S A
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Detection of umami intensity in grass carp based on hyper-spectrum
and multi-attention mechanisms

WAN Shiwen'%** FENG Yaoze*****, SHU Guogiang?, ZHAO Mingquan?,
WANG Yijian’, KONG Ligin?, ZHU Ming®**
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Abstract Deep learning and machine learning algorithms combined with hyperspectral imaging tech-
nology were used to establish a fast and nondestructive method for detecting umami intensity in grass carp
to solve the problems of strong subjectivity, long time-consumption and sample destructiveness in the cur-
rent detection methods of umami intensity. The competitive adaptive reweighted sampling method was used
to select the feature wavelengths of spectrum after collecting the hyperspectral data in grass carp.The Gauss-
ian-weighted multi-head attention network (GMANet) was developed. The model of detecting umami in-
tensity in grass carp was established and optimized with the support vector machine regression (SVR) , par-
tial least squares regression (PLSR) random forest (RF) , 1D-ResNet and other algorithms. The results
showed that the root mean square error of prediction (RMSEP) and the coefficient of determination of pre-
diction (R%) of GMANet network was 0.008 2 and 0.884 4, better than the RMSEP and R% of 0.007 7 and
0.818 8 in the optimal modeling method SVR in traditional algorithms.It is indicated that hyperspectral tech-
nology has a large application prospect in the detection of umami intensity and the GMANet network can
make full use of the spatial image and spectral information of the samples.It will provide a new method for
the further application of detection with hyperspectral image.

Keywords grass carp; hyper-spectrum; umami intensity ; deep learning; gaussian-weighted multi-
head attention network ; sensory analysis
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