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Fine-grained Classification of Wild Snakes Based on Self-attention Siamese Network

HE Can, YUAN Guo-Wu, WU Hao

(School of Information Science and Engineering, Yunnan University, Kunming 650500, China)

Abstract: Compared with other fine-grained image classifications, that of wild snakes is more difficult and complicated,
as it is difficult to judge and classify snakes by their local characteristics due to their different postures, rapid posture
changes, and usual status of motion or coiling. In response, this study applies the self-attention mechanism to fine-grained
wild snake image classification to solve the problem that the convolutional neural network focuses too much on the local
parts to ignore the global information due to the increasing number of layers, Ttansfer leamingis implemented through
Swin Transformer (Swin-T) to obtain a fine-grained feature extraction model. To further study the performance of the
self-attention mechanism in meta-learning, this study improves the feature extraction model, builds a Siamese network,
and construct a meta-learner to learn and classify-a small number of samples. Compared with other methods, the proposed
method reduces the time and space consumption caused by feature extraction, improves the accuracy and efficiency of
meta-learning classification, and increases the learning autonomy of meta-learning.
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N FCR BRI = 8 752 S O T JR bk ol
T, (AN 4 02 T R,

44 LIWLER
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i H AR SN A

RV R 4R A5

W 2 frow, AR S rh, ASCBE T 7 415K
Kokt & AR ETEE 5 A, BAARBA
55kEA. AL T A ), B KB A
28 1 Alseierh, ISR MBS 53R 12K
WERISRBIAA IR, SrSREERONER 12K, R4 2 ASie P,
DA B 25 5 SRR TR 58 2 RIS ], 73
REERNFE 2R AR IM. B A4H. 55 HLhd,
ARG RIE SN 0 SRR 338, 4K 5
5 RMERIFBIMF, 0 RERNFE 3K FH4HKH
52K 08 T AR SRE T B R B A AR A R 2 A A
FEARLRE Sy R I RCR, 56 6 AL 7 Sin T, i
B 5 SRR 5 Mg S5 A H, L5

LRI AR BT ISRBIbRZE, BIVER 1 AGEK 2.

K2 RE S REER

i BELES RS gk
1 Sway=-5shot & e Iway-1shot EAES
2 Sway-5shot Iway-1shot #23k
3 Sway-5shot Iway-1shot ERES
4 Sway-5shot Iway-1shot PZES
5 Sway-5shot Iway-1shot EIRES
6 Sway-5shot Iway-1shot Bkl
7 Sway-5shot Iway-1shot s

N T 20 5 HANRL 73 B R AR L, A5
i E 2 B AR 2 R S TR 1000 5K 1A
Fi, K500 RAER R AR AR R VRN FR A5

£3 ZEFRBER

75 R SCHFER MAREE (5K)  HERIE (%)
1 B-CNN Sway-5shot 1000 87.3
2 DFL-CNN  5way-5shot 1000 93.5
3 WS-DAN  5way-5shot 1000 95.2
4 PMG Sway-5shot 1000 “97.8
5 Ours Sway-5shot 1000 99.1

5

W 3 iR, 58 1 4B S SR LSRR, 551
XJEE T bilinear convolutional neural networks (B-CNN).
discriminative filter bank within a CNN (DFL-CNN).
weakly supervised data augmentation network (WS-DAN).
progressive multi-granularity (PMG) 3t 4 Fh4i & 42
W 2% 72 B A g 1 B2 R ASOR .l R A A
Jr DRI 1 T S AL B 2R A R R AR N AR
5 ) RIEIRELEE 73 28777 0] FR AT 3.

4.5 REIFF
ARSI A BB S HN T - #:4E R 409 Ubuntu

18.04 M85, VR JE 24 S A AIFESE Y Cuda 10.1. Cudnn 7+
PyTorch 1.7.1. Torchvision 0.8.2. Cudatoolkit 10.1; ¥
& 2080ti. 32 GB A7

4.6 RESH

TERFAT TR % IR, A S HRE A
300 %, FEHN 4 FKE B 20 FEREAT — IR TR
3, P ST F A SE-7; BUEFE A 0.05; Fftl2 ]
N SE-3, BN 2 F N SE-6.

BRZHBEWT, WIEECYE, BN IEEEC 96,
R DO AR R BE 23 BN 2, 2, 18,2, 4 B
7B BNG, 12,24, 48; T FIK/NA 7x7 A,
[ TV R LN true
5 gk

AR SC B FOIE T R R L (2R A ) 4 A R
TE SR FE 73 2 0 /INRE AR 52 2 T k. 1 Je il id iE A% 2 )
75 1) 4 AR SJ2 565 AL a0 A 1) D 2 A R A B, 45 5T
2 2] 5 11 I 26 AL AR Ry 2 A 0 5% 1) 6 1 I, G I A
F 0 25 > BT R A ) 244 B ) R LR 1 AR L AN
SR ARSI IRR T LT B TR R AL ) 4 O AR
SRR BB 1 73 EAUR, M T B R I 48 A, A
SCIRAS T T R SR AN ROCR.
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