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Abstract: To improve the accuracy of individual identification of Sousa Chinensis, a fine-grained identification
model based on the loss of inter-class difference is proposed. Firstly, based on the fact that the features of dif-
ferent types of images are different, a loss function of inter-class difference is designed; Secondly, the channel
number of several convolution layers about VGG16 is adjusted according to the number of categories. And two
full connection modes are designed for identification of large-scale and small-scale individuals respectively;
Finally, the proposed loss and the existing loss are combined to stimulate the network to learn more distin-
guishing features. 2 177 images of Sousa Chinensis taken in Xiamen Bay are selected and manually labeled as
30 individuals. Experiments on this dataset show that the proposed loss function can improve the accuracy rate
by 1.05 percentage points to 98.65%, which is at least 0.9 percentage points higher than the mainstream
fine-grained identification algorithms.
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AL TEEL, UL M2 I T RS HOR L, LIS
AT, FEERE RS, MeiBEHS 5114

B, RBIRCRA TR R T, A i i R
i1 90%, BkT ResNetl8, H A 95%, {HiEH
AIASCHR, X PINE 4 Wil —11E .

PR 4 F3e 6 T LU, ASCHIA] CE #
FRIETRZRALT VGGL6, JH PH 27 30t R 4% 4544
b VGG16 /b Tl iE%L, WK 1 fis, fd 4 Fi
P 5 S a B RRZEEECH 90(HI%k 30 ferpk
WIEE3), 1wt/ T VGGI6 1) 512, i iE Kt i
MERIZ ALRE AR 55, SBOEMRIEAL, 55—
BT — RIVBR AU IR, 76 A U W 45 2544 1Y
A4 TR AL )2 AL RE B B $E T, HE T LUOE
WIEHE LN VGG16. X hit—E Ui, M4
T A R bR SR S R aE— A0 B THBE R A M

R T U A 25 B 2% AN AE I SR AN Y T A
Xof V11 25 45 TR A L o 1 = 40 2 A 728 1 Btk
o0, h FIRGS R Z RCR 522, RIERIiA
ES5II4aER, Bz 4 s, Wl
LR FBURE, SO 20, Atk
MIZE R E, X EERIRL A IR BRSO A SRR AR, &8
G B RD () HE B SR AR B SR K, g LG
S, XA B LT B 22 I 45 1) 38 R U
AT P R 3 ) A8 rp AT — 5 1 R B 12
3.2.6  SHIEA LML

AR SCHRBE T I AR R AE A WU AT 55 Th R B 5=
f) ST(swin Transformer)? K HT -9 fA ST V2R

F6 ZHAERNHAIMERA 2MHAR
T & E RS b % B IR 05 v SimMIMBY G E5E Transformer 42
o VREEHEIE 2 NEZS HE TR RPN, A SC 5 SimMIM fiT ST
VGG16 89.37 95.80 HI4E A AT IS AR TERE T ConvNeXtl®? %
VGG19P2 89.52 95.81 ZER S % ST 1y AR, 7F ResNet [ 3Lal 8 Bk it
ResNet18" 55.24 90.72 W25, FENTFEESE D RBUEE T ST, BRItz
ResNet50"*" 53.89 95.96 BN AR SO R T 4k E A ACNet! MR
GoogLeNet™™ 39.07 95.66 AP-CNNSY, 455700 1 1| 245 4 10 B 4L 150 0
. [27] SN N — N N 2
Inceptionvs 108 2069 HAT LM T IR, XS AE bR AL U it B o 45
1001 o 1or 100r g 101
/7/ 08f /7?/?“ ) 0.8 |
75+ (7/ : 75k /’ - \
3 ol // & 0.6-\\ 3 “ /J] « 06[|
g / = ol £ Foap|
| \! ] ‘
25 / 02} \\ Br 0.2} \S\f\/
’ \s - S S,w;
0 1 L 1 0 N I 0 I I 1 0 1 I
0 5 10 15 20 0 5 10 15 0 5 10 15 20 0 5 10 15 20
BIK IR BIK BIK
a. YIGRE R =R b. YIgrEHisk c. MHRAE R R d. PRSI
—o VGG16®; ~—— VGG1912; +— ResNetl8®; —— ResNet502; GoogLeNet?; e—s InceptionV3?2"
Bl 4 28 B R 2 R 45 1) THE B 6 O AR A il 4
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P A PR A Y. Herp, IR0 R R it
02 T A & SCHRAA T A TN ZRAsi Y SRS AT
oM B TN R, HASEI M BN, VI
SRS 100, QSRR FIER R TR,
TR 245 10 2, 75 DA Hf e S50155 0 38 T 4 vk 4k 252
Wk, AERETRE; %5 ST R 3415
RIS, Pt T ENTRERRAS, Beak, 2 Fhamk: R
EWE T MEH VG192 H ResNet50) {H 2
VGG19 TE R8T M4 ROER R 22 88, fF LA H B R
ResNet50 1 0 T M4 25 5. IR 46 1 vE T
RO, BT AR BB IR AR A HE AR
%, ST fil ACNet Wik, BEAHT 97%, HAKHE
it 97%; AR SCHIR A HER R A 2 BT 1A

ISR

RT TMEEREREI L

3.2.7 BIRISEIBRAUR R

i B LN Gl B R XT DD30 FF A K
UG SEAT 0N, 35 15 mE RS BRI, I
TN AL 2 HEZERT 5 24 M Bl an 2k 8 pivR. U4k
TR AT BT B IR GRS, T R i BT
MR WT S, AT 5% A [ 1 F0 8% A 5% K
A H .

MR 8 ATLIAE i (1) A 13 MG,
SR TR R HE A BT 5 g SR, Horp, 5
2 ZWEER T, A 6 IRIEMGIE BN ER R, ik
Y2; 555 AR, A 4 RIS e Y,
245 1/3; BUAORE, 13 W EG T AR R 4 A
BUNIE L ILF-45 i —2F. 7ESEBbRfd FHRE, W] DR
5 oK (] B i 1 00 M S HEAE 1T 5 A T4 2L, 7
PN T AT RN, A B FREIRAE IR, (2) i
J& 2 BR MR R S, X S g5 A HH BT T AR

WiRiS VS A
ST 99,54 96.06 FHEAERT 5 M as K. S T OZ 5 R IS
ST Vol 99 27 9716 SRR RIAS B ) [0 R, A R AR A, AT AR
SimMIMBILES TR 99.20 97.01 FHEATT 5 A T 20 BEYLPEE 1 R R AEE 5
ConvNextl? 99.67 97.01 g, Hd, 51 iE ER B SO 4 il ol
ACNet*4l 99.73 96.11 XMO019_044 F1 XMO019_045, J5ifi 5 WK Tl
AP-CNNUS! 100.00 97.75 WERHEZ T 5 BT 25
A 99.87 98.65 ME S 0] LA, 33X 2 i AR G 0 25 S AR
EIE N R —F, RN —k K, X5 2 HEWY
#< 8 DD30 #iEE + UNEIRAEE RATEE
AL R HE £ AT 5 1925 R
4 il R
14 W24 %34 W4 $54
XMO05_003 XMO005 XMO032 XMO036 XMO033 XMO038 XMO005
XMO010_014 XMO10 XMO013 XMO010 XMO038 XMO020 XMO11
XMO10_027 XMO10 XMO030 XMO046 XMO032 XMO010 XMO033
XMO11_046 XMO11 XMO021 XMO11 XMO009 XMO12 XMO14
XM013_060 XMO13 XMO19 XMO013 XMO029 XMO020 XMO012
XMO13_061 XMO13 XMO19 XMO013 XMO029 XMO046 XMO020
XMO19_043 XMO19 XM020 XMO10 XMO013 XMO018 XMO19
XM020_003 XMO020 XMO10 XMO11 XMO013 XMO038 XM020
XM020_004 XMO020 XMO013 XMO11 XMO010 XMO012 XM020
XM024_064 XMO024 XMO028 XMO008 XMO031 XM024 XMO023
XM034_042 XMO034 XM003 XMO12 XM034 XMO11 XMO021
XM034_043 XMO034 XM003 XM034 XMO12 XMO037 XMO11
XM036_003 XMO036 XMO05 XM036 XMO038 XMO18 XMO11
XMO19_044 XMO19 XM020 XMO10 XMO013 XMO018 XMO028
XMO19_045 XMO19 XM020 XMO10 XMO018 XMO013 XMO036

TE. PRI R 000 IE 59 B K2 5
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a. XM019_044

Vo
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K5 NS SR b B i K]

Ui e B—2, B AR LA ey R e k. AT
LTI A XM020 HY MR, 5 His E K e
58 ke 20 B ARAR $230, 1 FL A A B €6 S B 5 43 A 1
A -5, S LRt HIN, XM019_044 Fi
XMO019_045 5 XM020 J&[f]—:3k [k, T Zhi
N ThRiEHBRIR TR T AR, S Ul
SCAER AT DUAR S bl Bl AR OG TAE N BB EURITRR TA
FIRE IR, 7E58 2 R~5 5 IRy 6g & v,
AR Wz 5 B br—#E, GRS Hm5H
PR, A RIRR S B bR, A2 R i 52
BT KT A KA R B RRE: B 5 88T R A
BE 5500

4 2 iE

B X6 A A A 2 s U R) L, AR SO T
ANFEARRE Z B 9 22 54, 3F T 1ICD itk
PRI, 7E LA BURR 28 W 2% 1) Ll A T T
1 TR ) A A TR L B B AT )y DA 9 K AR
PP RNIE 2 08 R DG TAE N B3 AE 10T KA A TR 531 R
AT TR AR, 15 2B [a] RN T AR

AR SCHR R 0 N 28 25 K4 T DL F T A S
PRSI R, HF X AR AR, RIAT 25
AE I P 200 7 3 1 A 78

ASCFFHE ICD ik BAEENE, BT VGG,
7] LLAH 37 4 7E ResNet, GooglLeNet 45 ki % 45 44
o, R T O T AR BRI LAY ARk
AL 1R X 2R R EGGR N R R, AR R A 42
H 45 2% R BUH T Transformer, ConvNeXt %5
BB X 28 2 Ak v Y AT AT

Bt R E K IRE R HIE ) A K
TR A 4 F 7 BB S EREN, A
kR T B
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