%‘] Jo i o 5 ot W o M

Spectroscopy and Spectral Analysis

E TR NS HAME W R NEKIRH T E

woOENEEORY, FHERE FREC. EEm

264025
100083

L BRRFAFEE SRR, IR HWE
2. PEARREF R SR TR, i

M FE HECERRMZE R % (CNND ALY RN TR0 J7 1 A 5 Wik E i o DU AR Dy A0l 28 5 1 T 8 21 3
gy, MR L, FRES, RENBAEEEMBEL S, £RHEARS AL, LIE CNN X D53 281
WAL . EFX X — 58, 420 T IT A WOBiEA CNN 59 2150 05 i, BFERBUE AR 28 81E, M
ME2 S DR R R ERf R . 5, 4R 7 —FhGa 2 i b 0 B 4 0 0E 22 M BE i i 8 % 15 5 3 9 RRAE %
5k TEHTY)IG A0 O da 00 U8 Ik 4 O O L AR B A I T 4% 0B s TR R A TR Tl i £ ) 4 A T 2 o) B B
Z A T DU RRAE (5 B R THBI R 3 Sl af o s R, 3R 1 — i & 1E JUAL TN AR B R WY DL 26 432K H
i R R, T A ) 45 2O AR AR R B AR R I SR AN, SR 5 A SRR AR WA TR L DA ASE TR v T 1) 0 A o
PR AR A TR, B A A3 AT FIRE A 43 X B it — B R i DL 28 A3 e vt % . DUR IR BB R ¥l 74 S DL 3%
AL, 311 803 TRIEMER . AR IR B35 4 5 X BdiE 4R IR AT KT B e L T B | BEALEE RS | 7ELO0, 30°]
Y0 B P RE  #ELO. 20 Y6 T3 FEl P9 408 ORI B 8h 45 B0 3 SRR 1 o 1 EIROB0EE ML 11 803 BRI N 119 964 5, #%
BB R 8+ 1+ 1 M LU BIBEAL > I 2R 95 947 3K IE R BaiiE4E 11 996 K Il v ANl 4R 12 021 7K &
H o FE AL D28 GO 45 0 JE Al L EAT T SR IR B0, TK 1T 93. 386 (A JE UM 3 . 4 HEvfE P 45 (Resnest)
MR RIS T 1. 18% . AHEZ M4 SN_Net Al MutualNet, W 535I4E T T 4. 3426 f1 0.85% . FF H il %
G h 22 320 s, ¥ 3 UER 25 (Resnest) I 2Rt K 45 %5 T 960 s, YIIZRmt K43 51 b SN Net il MutualNet 45
3 180F1 2 460 s, SLIG A MR B T 3% 7 i 0B R0

KER GHMEW Y WP IR S IR W22 HAn sk gk
hE S ES: TP391. 4 XEkHRIRAD : A DOI: 10. 3964/j. issn. 1000-0593(2022)10-3298-09

Vol. 42,No. 10, pp3298-3306
October, 2022

5 5

P AR TR LA SE 1 T B BB 43 . FE AMLEE H
A EEE N, BHAisBMWH &M% (convolutional neural
network, CNN)ZEH) (R 3 J7 187 AT 5 15 1 26 Ji& . 32 3 1o JH
FIHEE LS RIS 5 AL B S 40, R 7 P AT T
TRARA UL o ¥R DL AE g Rl 28 B 1 3 2221 L 48, Rl ¢
2, Frm e, HEF I RIE R AR, #of CNN 2 H
1V D128 IRIGR I S0, i X T 2 A 1L g D128 1R
PUBFFE . AEPLER LA AR T i DL 2R [R) 2000 i 22

WARGHRT LT, BN RERERER. E5N
RO ERET o FEWEANIERH A E TR, ]

i HEA: 2021-05-26, 11T HH#A: 2022-04-07

B DA B 2% . E AN W B 2% bz I 24 i
F UL A, Li 250 28 MobileNet-v2-SSD HE 48 (1) 3£ /il I,
P L — e P R 2 T ROMLAR 0 DL R R R Y T,
WA B B8 M DGR R G, R Bl ST ) B T AL 4%
M5 B D243 28k o B — s AR AR A . (AR 2808 H FF
D158 ELUURI Y DU2EFp 2/l ol 5 2 D0 25T 4R 11 A 81 1
A B R AR s DA R A5 R AR 3 A AN 4 A, 6 DL 28 43 2R
S 3 R — S A

CNN ELA5 TOR0AY U 2 4% - B x4 M 45 SR RS T2 5% e AR /)
BRI 5 o T A3 B L 26 TE 00k I & W] LA CNIN iy 2% 2
BB, AR SR R B RE . N 4 2 2 T R BF T 0 T
EARE BRI AR T, S WA A 2 BR M RE R T Y
TP o AN B R BT S B s i BT R

EEWMB : 7 AAE S L TR H (2020B0202010009) #5545 0 & 11 X #5608 &R B 015 F 8 £ W0 H (2020YFD0900204) ,

A E A& R0 (2019XDHZ084) ¥ Bl
EEE N
* AR

e-mail; yuejuncn(@sohu. com

B, 1996 R4, BRRE R S R TR A B A L BT A

e-mail: zy 09 20@163. com



5 10

B VAR IR TR LG R AR R I 2 Y DL SR i 3299

B 4% 2 33200 S I 2> CNIN AR AE DT A . (HJR . 088 T 4R 3=
L VE /N 45 R, AN R 52 I A A 1 R RS B R A
fir . PUL, FERRBT — L8 2% e AE BN P RS AR IR R N 1Y
FE, A RMA AR RS R TR M 45 iR 5
K S HEMNSA LI, 2019 4, Yo FUDERF R & 424
BB AW, ST U1 f e bR Al DR AT A
P 265 9 88 B I 55 Yu 5000 S R IR 8 AT I 4 Y S RE . LU
SHLRIRS 5 T K, 2020 4, Cai YR T —Fh
PRI 2 A A9 280 190 2% rh B33 1 0 4% 4 7 i85 5 Yang 25020 5 3R
Vi) Fsf 5 1 0 245 & R A 43 9 3R 0 A A0 ) 4% R T ) R B 4
Zhang SR T Resnest P25 8081, 0 ) % JT] 1% 3 30 19 1
BIHLE . DR IOIT ZER B A R RRAE AR T AR
T R B 3, 5 AR SR o 1 LR AE AH AL i D1 238U
B BB AT A . B 3 £ Resnest B 2% 4 g 72 T /F By 3k 2%
S

1R 22 DS R P AE EL AT T AR B L% SR A AN 35 4 1
R (AR CNN B 0w H F W20 BR300
REL, B8R, T T DU A Ik 0 3R I8 2 /)
SYRBIRNVG JRE, AR TAEQIF RS T — Mg E R EE S
P AE e By 1, A0 UL 2SR AE 2 (R) A A 6, B DG U IE B A
FIE o 6 3K 1) 265 38000 2 B) HP RO [R) 1) s 46— A B IE 4k
T AT AR 951 5 A B D 2845 26 B AR R A, A N A Z
[ X S 400 2% B SL AN, PR A S RS

1 SEg ko

L1 RBEREEEESHERE

SERURCIR 88l DN N R R D Pl R 8 T s
VBT 8 0 A T A K, R TIT R AT A A 1 o AT IR B X i A A
JEE DUZE 73 & I A0, R 0 i £ 08 2 kD7 3k A0 DE S R A T T
I3l JBE ik I A Y £ R T PR )2 H i R RS ) Y AR S

i A PR 5 R T PR T — e Y R vk A
PR AR AR ST A LT IR U RO S MO i
J5 1% > AN SCHR 10 i 0 1) BB e T 3k S D R E . ELAS B 0
ESHCEAR X M. B J0R B % S 00 A e 4 o B o A
HARSRUL, KA A B 202 C A A B X ),
AR A LA . R I DB A B AT LA

C
HW, ) =— > plogp, (D
t=1

KD, W, ERVRFIRY L BRBEBUZE j IR B AW
B R FR SRR, T, 288 LR P aE a8 . K 251
EHEMAS RN C R, HeeCy p % 4
X 0] F) A €

FER (DA L IH5S (ZRAMEGRN

1,

HW,) = >THW, ) (2)

KO, HW, DFRRE LZERZ P 5 B0
BB LR, B el

R D F 2 4B E HW, )M H(W), H
(W, D F HOW ) BE B . 0B a8 5 B, B RS

JiE AR

KT IEACHE R 5 vk, 4R T —Fl B O i |) 1) 1 3¢ M i
Bk, DR DU B R IE sCFAE 40 i DU 1 B A6 B 4R
TE . BB KNI kX R BRI A8 & & X kX e 119 3D i,
e SRR KB AR R BTN £ X kX e 9 1D M, FF
S FR. B E R

W, =w,/ | w, | (3)
KO W, BATE R T, BAERE, —47 0 — IR B A e 9
M. J, 25 L R PIE AN, B leL,

MG W, 54 2 M A

P, =| W, XWf —1| 4
WO, POAEFESS © 478G 2R TR) — 2 fth 3 0k o5 o S
A VB WL AH N . XS AT EIR SRR BT A (A MR . SRR
A I A 55 H b 30 I R AR DG D . M L b e g S A B
i AN DE VLS TEASHT 5 AT R RS B M

R 8 A 56 P R I T G 00 U A 1) 1) T 32 1 E
0L/ - Zi’m
A, f R UE B A% ) ARPE ORI, £ BT X AT
f SR AR . R IEASPE K

7 1N A SRR AE AR B, SRR TE 2 i DL AR
fiE o 38 3k 35 T U Dk 28 A BT B R O R A R R O I, AT
AE YR B 45 007, DT 6 B FH PO S AE 15 S, L O A
1 iR, Zad Wi B bk S LA AE RS B » & S0 Bk 0 A i ke 4%
SR G B8 B AR L 8 g P AR X AR I BB B A, BB P RS —
A BT b HEAT o REAE BT A A VO Rk A L R I RS
R AT IE s P )

L5 LR, b P EL AT T R DL R AE 19 DL 2 4 S Y o)
B, W R UE N AR B R MWK EUNET, BB B R
RS s MORIUEIE A%, RIGRM ECHEER T EBEREFER
AL AR B A . B S TR R AR AL RS bR B A R B AR, W 2
FRAE BT o AR SCRT B RO JE Bt 5 12 RE A 410 0 4E =2 1) A1) 4 5
P, G TR Y I SRR AE . S A R AR SR, I R
T 2 18] R R T s AR TR AR RE T
1.2 MENSEBIREH

TENE P S E B T e (1 1 ) MLt b, & X RE AR
A5 LLSODU DS 43 20 A ) 0, 4 B — OB A9 DL 28 o 2 H AR

WA AR U DA I S L R A S B L IE &S
Y RRAE s 2 4 — A2 3 16 D00 30T 1) 5 % pR 4R Ly

Lo =| W, XxW—1]| (6)
K6, W, B0 — LB 4R M, W I — (R A 40 B Y
BT R

Hok, DREEARS ARG, T HOR R B 5 F Ak
FEAEERZES, RFE LG 3¢ 5 2 ok 5000 25 2 5% Fh 43
A RFAE s SR R ANERAE O T i — AR, g8 4% R
A% B K W I AR LA AR B 4y FERAME Y KRR AR A
PR — Bl AL A IR M R R L,

(5)

Loy 3) === D0 (= pu) log(py g (D
i=1



3300 JERE A 565 A 542 4
lr__?;*ﬁEME__________%@D; _________ %&ED;_Z_:
- —-"" 1 r—————" | - ——— y-
1 . | N B
S — | - | —-—
T ! | - ! L
e T —— R P N | ———
® | I%% : | — :}I : :__ﬂl : | I
o 3 M | 9 I | = |
Ll — | — | i -
1 — :--}@ —
|| — | o— | | —
I . PEEEE ! S
r—— - - 7777 rf:lf:lf;"___"__"_T:L 5 |
| | O | O |
| | — | —
I [ I [ b
w5 | (| il et B
@ | e ¢ kel 1
B Iy =9 | = !
L h%--| ! L
| | — | | —
| m;--: :--:|
e __ | SO
:. HERIMD BRI MDy. ]
M1 EkE

Fig. 1 Feature selection

KD, a0 B = pCy0D7 43 9527 7] A 2 10 & %, i
TR (AN — A2 BN o0 18, 550112 28 505 S5 26 1 S =2
PUE R /N A58 2 7 o 400 8 O AN 2 A0 3 S 0 0 T . 5 e ik
KRN — ARG B A8 T 12 28 9 a2 57 1 o 8 1 it
KR R R I — p ()7 TN T X 28 REA
VI IUEREA L YA 5 4r 2k CREAS B £ LR REAR [ 52
R — A~ 25 S0 B S b 4 %o I 1 A R AEER p (o) B A8 12 I R
NI 7o M—A U HREA T S AR, p(3)>0.5, N
A= pCy: )7 B RN, #ETZ 5 73 JERE AR X B8 K 1 o1
R AL S A% AN s Y — A DU SRR A A Ay A AR, p ()
<0.5, M= pCy))7 Bha A B K, T 2 43 28 B A
it 45 2R 1 TR A X AR

IR s B — A OE DU Ak SR AR A I YR A R
BRI AR BERL Y 255 25 H bR eR AL

L=24L,+ L, (8)

@, Ly S5 E WI935 25 pR A Lo S0 5 45 5 9
RIAR R RE . o B— S8, T w5,
2 HiRk5ihe
2.1 HIEERIEEESE
DU MG REE th RAT I . PR IR W R, H A
Bil . SRIR UL, P PERGIR . e A L PE A S T4 28I
ZH G, 311 803 ik,

DU R SO0 A 0 B ST 20 AN B B, S TR

Bl 2 i .

B BRI SR RE A, A 2014 4 4 & 2020 4
10 AFRELT N2 SE ke AR, 5 23 ok S b g 55 R I 4% Wi 4
iR ERALABEMET . ILAEE ST . ) WIE
T R X b T AN R R I AE 9 TR T i A DLk

9 BRI LB R, A 2019 4R 9 H & 2020 410 H
PRI E R, FEESHRETF LN E A PLE DL, &
BRIRER KNN3 120X 3 120, 2R WLOGF , MALHAHEIR
474 80U Fr, 36 11 803 K.

o5 S BE AT B RO AL B L AR R AR S . R
HEATHOHE B 5F WU B R AR S B ER BT h K5 L
1 1M, SR SRR IR 47 K F B . 28 2 B . BEBLE
B qEL0, 30° T3 F P iER: . 7EL0. 2020 I3 Rl P9 45 TR R AS 3
SEHUIR R AR AE . o EURBCR A 11 803 BRI INEI119 9645k .

S5 DU B ST B A . AR BUE R 8 0 1 1 B L
BIBEAL S R VI 258 (95 947 3K | B TEEE (11 996 k) ANl 42
(12 021 58> 4B L - A 3 fim .

ZEREET AP EET A RENKAGNIERET
—AB, B AL AR B R 4 R . Sk O AR AR AR
fiti 5 R I, K45 DR AR AE T4 AU R T

NI A TR H . DU EMR RIS AL 3 47) &
FIARRLCE 3 47) {453 DU A0 b — M i IR 3 B8 A
MERE . AL, DS R B R AR A R YA 0 R SRR
YA EBLANE 5 BTN . FEAEUR AR 240 ~1 000 5K LA
27 B, TREAKCRETE 4 001~4 656 TR DI 2 A, D12



5 10

Tk VESE . TR DL A A 2 4% 1Y DL 2R 0 O vk

3301

DA PEA Y S

MR o BRI T

| l_l—l

9N T F) L bsiilies

ZERUi S

RIMEGIRE > FERR T

BRETHLA E AL

HHHLIFSE

! B3 Bib 5
|
|
: WfE o BdEbRE P ROTEGKIEHGIN e B
I
[

I | | | | | | [ |
D EBREOIRY || EBRE AR || HREER K| | EE || 1E [0, 30°1ERE A KE | | 7E [0,20%]78 H P9 b B
: Kz LIES % W || B WUiEs HLA T
I

|ttt T T T T T T T T T T T T T T T T T T T T T T T |

! STy e |

I

| 151 0O OB L R |

; . | . ;

: ke R4 blRR S :

e I

B2 NEBEGHEEERIRE
Fig. 2 The establishment process of the shellfish image dataset
W B i T 0 7

ekt SELi]

i) I



3302 ik 56 4

Ha2

H A Bein

YT HEATIR

AL DL

B3 #;an

Fig. 3

BEAR DAY, BT XL R 315
2.2 KX

B Resnest '™t 22 [0 265 A6 7041 g 30550 45081 1) 3 e D) 2%
He HEAT DB AR SR W N 2o I # 2% > 16 TmageNet I £ &
Y3 i) TN 2R 2L g 0z 290 DU S U0 1) A E o 5 i)
SGD {fp fh i A0 52 SRS 453 2% R RO AT AL . i R SL R g
HE . PEFERI AR 27 > %0 0. 001, Batch_Size K/NJ 32, Jf H &
PR . B RZ L R 62 %05 29 5 Resnest 1 f)
ot — 3 HRTE RS E R Z I B H 8O 740

TR JUEN
[EX¥E)) (CEIERD

KA it

KYEEERK
Images of part of the shellfish dataset

(IHR

EPAILS

TRAGH R R E, W IEBRIONEIR R 224 X224, 7 ETE
Pytorch Fiz47 58, A £E NVIDIA GeForce GTX 1080 Ti
[&] 7% kb 38 B4 5T (graphics processing unit, GPU) _FHUATI 4R T
50 epochs, Resnest X} Ul 28 & 1% #5008 48 19 Y1 i 45 S an 1) 6 fr
No SEEH R KRY] . Resnest 54 WK EMER I 732 . Ikl 72
o o 2% A TG Sk O EL YIS o 1 % S R (B A B T s
P W] LR A7 I 25 05 R B AL A7 Ul . XRS5 19 Resnest
MR AT I, 78 D1 3% 1 44 K a0 4 1 00 3K 4R TR 1Y 43 28 L)
b BREAH TS T YR RIR T 92.20%.

it Vedit

(R (R




%10 W gk PEAE . T AT LB R S BB W 45 1 DL 2R O ik 3303
H A B0 Pt B E YA SR
(GiLaz)) (ChiF A (GLaz)) (E=AED (% VLR

! h{.‘;.

Number of categories

B4 HMoSHEMNEREERR
Fig. 4 Some images of shellfish with high similarity

240~1000 1001~1500 1501~2000 2001~2500 2501~3000 3001~3500 3501~4000 4001~4656
Number of samples

Bs #ASHBELERE

Fig. 5 Bar chart of sample distribution

Accuracy rate

1.00

0.901

S e~

[ - N -

S & oS o
1 1 1 1

0.401

0.30 1

(a)

Train accuracy of network model

— Resnest

0

5

10 15 20 25 30 35 40 45 50
Epoch

N BAEAS T3 15 AT 2, %) Resnest (£ B8 5 4% 1
B R B R 5 R AR e 4 U5 vk B 2% B (F_Net) L s
T UCHE A DL 5326 F RS BR R P00 25 4 8 (L Net) LK% [a] i %
P72 00 4% B (FL_Net) #4717 %) [ 2 #r . I Fh
P 25 AL Y SR 2 RO 7 P R ISR 1. A RIE SR B 2
SR TTNF FO P [ 0 2 25 K S A ] 52 0 PR 8 PR — B
GER KB, AT L MET R AE Resnest JLAl A B B 5 . 78
AR bR SRR T T 1. 18 %, IF HAEUIZRi K b 45 j
T 960 s, HrUE T AT IE A R .

Train loss of network model

(b) Resnest
0.104

0.08

0.06

Loss

0.04

0.02

0.00

0 5 10 15 20 25 30 35 40 45 50
Epoch

6 Resnest M EZRB G ER

Fig. 6 Training results of Resnest neural network model



3304 JERE A 565 A 55 42 &
Train accuracy of network model Train loss of network model
1.004 — Resnest
0.101 —— F_Net
0.90 —— L_Net
- FL_Net
0.80 1 0.08 4
2
= 0.70 o
> @ (). <
3 0.60
< 0.04 1
0.50
— Resnest 4
040 I
— L_Net
0.30 R 0.00 - - -
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50
Epoch Epoch
E7 MAMEERMIEERLER
Fig. 7 Comparison of training results of four network models
F1 MR EERNRERILER W], FL_Net 7EMHA4E FF W% 3 0L T SN_Net Fl Mutual-
Table 1 Comparison of test results of four network models Net PR, 43 BI3RFF T 4. 34 % F1 0. 85% » 3 H 76 Il 25 1
¥ 24 455 70 I ELEIE i S 1 IEH R/ % K B4 5 T 3 180 1 2 460 s, BiiF T A< J7 v B9 A AL .
Resnest 23 280 92. 20
F_Net 25 080 93.13 £2 SHREHDNRER LR
L._Net 22 260 92.57 Table 2 Comparison of test results of four network models
FI._Net 22 320 93. 38 - - —
V4 2% 452 70 Yt /s W4 - B IE A %/ %
SN_Net[9 25 500 89. 04
ik — A5 B A R 45 A (FL_Nev) B 30HE, 5 H 5 MutualNet'12] 24 780 92.53
SN_Net™ Fl MutualNet" 2] 5 Fit [ 28 15 T 3£ 47 %F G20 7. 3 FL_Net(A&30) 22 320 93. 38
P 45 AT ) S B 2 S LR 8 I 2., O PRIE S I8 &5 SR Y T X
FOPE o B3 90 2% 25 4 A0 1) A o] 5 il PR R I AR e — B SR R
Train accuracy of network model Train loss of network model
1.00 —— SN_Net
b B
(a) 0.10 4 ( ) —— MutualNet
0.90 - FL_Net
0.80 0.08 1
)
8 7]
> 0.70 1 % 006
—
§ 0.60 1
< 0.04 4
0.50 1
0.40 - —— SN_Net 0.02+
—— MutualNet -
0.30 1 - FL_Net 0.00 TN S —
0 5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50

Epoch
& 8

Epoch

EMREERINGERIER

Fig. 8 Comparison of training results of three network models

R ) 26 8 AR AT D2 BRI 25 HP RE A8 i R 5 ot e 8
BT A L S5 A A8 D AR b A S 3 e Al RO 92,200,
R ARG o« A SR T — o 19 8 0 % 17 5 i 5 R AL 2
FEOrvk. JEE B M 4 8 F_Net, ] 3 4 F 1 1E #) 2 % 2
93. 1305 Rt 1 — A 4 & TF 0 Ak 350 A0 RJ AR i % 351 B 1 DL
Rop K EbRR K, 4 H L_Net, ISR 35 1E 6

K 92.57 % WA . WA M4 FL_Net, BJ A TR
BRI MBI, FL_Net Il ZR80C R T 25 1 M 4% . SN_Net
1 MutualNet, 7EME04E FAY 43 2R R R 93. 3800, 43l Lb
L E P 4% (Resnest), SN _ Net Ml MutualNet & 1.18%.
4. 34 5 FE 0. 850 5 WIZRE K 22 320 s, 43 J LE A of: 199 2%
(Resnest) . SN_Net il MutualNet % 960, 3 180 Fil 2 460 s,



5 10 B VAR IR TR LG R AR R I 2 Y DL SR i 3305

3

BB T — o A USSR A A 45 2 5 0 7 0 2 4 2

R EAR BRI, 1946 I 25 aot A vh L0 900 2 3 510 41 10 0F 52 9 A T

[F) i 42 1 2% 288 ) A5 AR 22 ) 0 A G ity ke ZE A L 3l 0 0 )

M DR PG s BEAR L A a5, R T —FhRT A IE DA R JSRRARBO R L 45 B8 AL 7E I S b 5 R T T 2R A B

B B SRR %, Mgl b mdl WK IR A BER RPN ME R R AR AR b - A AR 0 2 X
(B AR DG TESC TR TEZARAE . AR R MR G = WP R B o A AR X TR A A Bh A0 T e DL R IR ABOR BT 5+ O 2 T
AFT7 1S ST BRI AE R IR GE Ty . AEDE B R B BRI B PR B A 1 DL 2 e 2R M i 1 i 995 e
SRR R A BE A L B0 DUSRAE AR 2 R B AN - 5 11 7] MBTHKER, NI RFMEMELDIRET HASH.

References

(1]

[2]

[6]
[7]

[8]

[9]
[10]

[11]

[12]

[13]

HAO Hui-min, LIANG Yong-guo, WU Hai-bin, et al Gi 2, %2k [, iHEMH . 2. Spectroscopy and Spectral Analysis(JG1E2E 56 1%
ArHE) . 2021, 41(3): 782.

Wang Z, Qi Y, Ma J L. Z. User Intension Understanding from Scratch, Processing and Learning for Intelligent Machines (SPLINE),
2016: 1, doi: 10.1109/SPLIM. 2016. 7528398.

ZHAO Qing, WU Biao, LIU Zhi-hong, et al G P&, % %, XM, 45). Journal of Fishery Sciences of China(H1 [E /K 7= Fl2%) .,
2018, 25(4) . 847.

Li G, Li Z, Zhang C, et al. Shellfish Detection Based on Fusion Attention Mechanism in End-to-End Network, Proceedings of Pattern
Recognition and Computer Vision(PRCV), 2019. 516.

Molchanov P, Mallya A, Tyree S, et al. Importance Estimation for Neural Network Pruning, 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), 2019. 11264,

Suau X, Zappella L, Palakkode V, et al. Filter Distillation for Network Compression, 2018, arXiv: 2004. 08955.

Ma N, Zhang X, Zheng H T, et al. ShuffleNet V2. Practical Guidelines for Efficient CNN Architecture Design, European Conference on
Computer Vision(ECCV), 2018. 116.

Lemaire C, Achkar A, Jodoin P-M. Structured Pruning of Neural Networks With Budget-Aware Regularization, Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2019. 9108.

YuJ, Yang L, Xu N, et al. Slimmable Neural Networks, 7th International Conference on Learning Representations, ICLR 2019.

Yu J, Huang T S. Universally Slimmable Networks and Improved Training Techniques, Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, 2019. 1803.

Cai H, Gan C, Wang T, et al. Once-For-All: Train One Network and Specialize It for Efficient Deployment, International Conference on
Learning Representations(ICLR), 2020.

Yang T, Zhu S, Yan S, et al. MutualNet; Adaptive ConvNet via Mutual Learning from Network Width and Resolution, European Con-
ference on Computer Vision(ECCV), 2020. 299.

Zhang H, Wu C, Zhang Z, et al. ResNest: Split-Attention Networks, 2020, arXiv: 2004, 08955.



3306 T 5 R A A o542 %

Recognition of Shellfish Based on Visible Spectrum and Convolutional
Neural Network
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Abstract At present, Convolutional Neural Network (CNN) has made a breakthrough in species recognition. As an important
part of the agricultural economy, shellfish has a wide variety of species with complex characteristics. Some of the shellfish are
highly similar and the distribution of various samples is unbalanced, which causes a low accuracy of CNN classification. In view
of this situation, a shellfish recognition method based on visible spectrum and CNN is proposed in this paper, which aims to
extract more effective shellfish features to improve the classification accuracy of shellfish. Firstly, a filter information
measurement and feature selection method including output entropy measurement and orthogonality measurement is proposed,
which reinitializes the pruned filter and makes it orthogonality, captures different directions in the network activation space, so
that the neural network model can learn more useful shellfish feature information and improve the classification accuracy of the
model; secondly, a shellfish classification objective function including regularization term and focal loss term is proposed, which
reduces the weight of easily classified samples by controlling the shared weight of each sample to the total loss, it tilts the
attention of the model to the samples with inaccurate prediction, so as to balance the distribution of samples and the difficulty of
sample classification, and improve the accuracy of shellfish classification. The shellfish image dataset in this paper consists of 74
shellfish species with 11 803 pictures in total. After obtaining the original dataset, data augmentation which consists of
horizontal flipping, vertical flipping, random rotation, rotation within the range of [0, 30°], scaling and moving within the
range of [0, 20% ] and moving is performed on the images of the dataset, increasing the number of images from 11 803 to
119 964. The whole image dataset is randomly divided into training set with 95 947 pictures, validation set with 11 996 pictures
and test set with 12 021 pictures in an 8 ¢ 1 : 1 ratio. In this paper. based on the establishment of the shellfish image dataset,
the experimental verification has reached the classification accuracy of 93. 38% , which increases the accuracy of the benchmark
network (Resnest) by 1.18%. Compared with SN_Net, and MutualNet, the accuracy of the proposed method is increased by
4.34% and 0.85%, respectively. And the training time is 22 320 seconds, which shortens the training time of the benchmark
network (Resnest) by 960 seconds, the training time of the proposed method is 3 180 seconds and 2 460 seconds shorter than SN

_Net and MutualNet, respectively. The experiments results demonstrate the effectiveness of the proposed method.

Keywords Convolutional neural network; Shellfish recognition; Filter information measurement; Feature selection; Shellfish

classification objective function
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