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Figure 1 6 kinds of wild butterfly images
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Figure 2 Front and back of butterfly in specimen image
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Figure 3 Annotation method of butterfly body in
butterfly image
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Figure 4 Structure diagram of model network
Pool
Block1
(L/32,1 024)

(L/32,1 024)

Multiply

MultiSEID
(L/32,1024)

B 5 MultiSE1D M 48 45 #4 &
Figure 5 Structure diagram of MultiSE1D network



%1

JASCHE R AR T YOLOv3 I 58 70 L i) B A g e b 2843531 37

J T AR B P 8 T T T 0 A EL A T R sz B A
PEAUELARYE  Block4 i 2 D& RPA NG 2, B4 W
g 32 B AT DL 4 b B e KR rh R AR B SR
i RUBE 4 4K 5 L . Blockd 28 Ak Ji5 451> 3 4%
TEE KA Ix1, BT — 455 Ay =48, JfF
HASC /& X Block5 i i 1 — 4 & 1, or DL 7
Block5 #F A\ — 4k 4 B2 1 2 F 47 B 4 5 i 5 45
B E—RBRZEHETHE 5T g E R
KT X, i i Sigmoid PR AT 238 8 1 8 AL
T Block6 , fE X A~ 3 & b A 1 & & 12 2, O
H Block5 B i 38 i 17 — 4k 4 TR0 3 A & A B
e W21 024, M 2% i J5 15 ) 19 MultiSE1D
55 UE Block 1 I RFAE FLAH L3R4S T JR 3 1% 38 1
1.4.1 S REBEEZENMBME
FH TR 47 8 b I 4% S AR TR 00 AT LA R
ISR 42 Jm {7 B, DRI A SO 58 X a5 4 R AE 1Y)
B AN N7 3 R T 4 R T S Ak O s e
R (R Z ) M as G S8 T ARk
TE W) AR B AR e 2 — 1 Sigmoid BRI
BT EALE X,
X, = o (FC,RELUFC,(¢(X))). (2)

Ko, X e RET[h[4 A B R K 7
SEE TP HUE 51250 (X) = Vi Y X, hEJRTY

i=T=1

Wik (GPA) ; FC,RELUFC, b — R 5 1E, H
FC, 55 FC, 3 Wi A~ 4 i B 2 Rk 4 51 b
(c,c) (Cc) NIRRT R

.
[ A RELU oR 5B 1B B W 2%, i F 4 1 82 )2
M ERZE S8 E B R, T RRAIRE AL & R
KR T MY FEAR SR - N 161

J5 U f 30 0 R T A G A AR P R G
TE R DG M 2 3 i B — S % [ 1 8 B A RS
B, 33 T R A P 4 A R BCRRAE i) HLRE AT B —
() I SZ B S B bRl LA 5% S5 7x7 45 Ho At 27 B
FRAZ SR AR U AE , 22 Li 250 fdi B R ) 10 45: 7R
FZ R AR BUAS [) 11 g 2 W5 )y vk, o 3l 3 1 78 1 4 R
1 AEREAE 1 7 VA R LS h Block2 | Block3
3990 SRy 55 FH 7 o 2 AU 1) 2 B BBUCRRAE 75 2 1
TR SRR X 48 3R BT 22 Fh g 32 85 | m] L B A it
B P 5 b R R AR B S OR R R /) £ B R )5
8 22 i SRR 7 B R AE AR N AE — AR AR Ry 3 3 R T
s A58 2 ROE 8 FIEALE X -

Xyase = X ( sz(vaD(X) ) o (3)
=

Kb n BARARF B FREIRE  foonan () TR
AEGFRERAE O T A IR &g R B fE SR b &
BT 3x3 .5x5 PIF & BB,
1.4.2 EELSH-HpeydidzE A MamE

T R T 2% LT A R R 46 O 2
(FC,RELUFC, ) . Sigmoid & %% >k 3K 15 3 i X & ,
SR I 28 T A7 A 4 3% 42 12 4 3 U AL S 00K i 1
hn. 2SE R S (CBAM) MO b & Rl T
GRS HABEAT T R IRCE, &
A5 VR 20 R T AR R A 2 R I AT B 4
SR L 3E T R AE B SE B A 5E BIAR 2 2 I, Tk
B S5 71 o4, {6 745 3 3 AR AE 5 H AR 22 [ ) X6 i A
[EHZ 0 BEIR T 38 B B X IV G R | IR B 4 3 2
JE2 T BT A A A R AR SO R ER R
AR T — e AR B R T, S B s T
AH R ] A 52, 25 B DL R) R 255 SOk
[12] 58k A SO 2 RUOBE 38 3 v & 0 18 8 3%
K5 H iy ConvlD 5 i 4 38 18 1 2y 1 IX 1) 3 %2
TR ILAE .40 503N 29k B 35 06 PR A B — 445 BRAR
BLoHIE(2) X, BN

X :O-(f,(cjnnle(gD(X)))O (4)

Lol 1 TR (s)
v+ 1,1 IR

t = 0. 5log,C, (6)

s foown () TR —4EB BB ; C MEFIE B
W kN A I A BUZ AT LA 4 R AE 1A 1Y
TEH C A A AR RS A, 2 i Ak S R 4
iF E B E R C A 1024, T S — 2 B R B R
¥ kA5, T Block5 ()il 18 50 20 0 — 4 5 BUS K
SRARFEAAE B k19 A 38 I A% Bk 7 3 38 50
R4,

2 LI

ARSCAHE A Pytorch #4 & 1 51 9 2% | ZE R HE 11 3
FKHHR&E ESg, S b R F 2 CPU.
Inter CORE 15 9th Gen,8 GB RAM; GPU.NVIDA
GeForce GTX 1050 (3G) ., Jhy b s Y i S0k )& |
S5 i T 7E TmageNet 3045 45 1 #1253 19 A
HIFEA SCEE 5 AT S0, 2 2RI 2k 300 4>
epoch , batch-size V& 3 4 , At i 2 500 T ERNME
FERIA) 4 2 ) SR E N 0. 01, 2 > R 8 5 5 %
KA TR K 2 2] RBEE epoch WY
328 8, WIF s 2 2 38 F B LL A 2218, I 531 —



38 M K % (T % )

2022 4F

eI 2 o) AR R R AR MR B 4423 0,000 5, %
A2 2] AR TR Lt 2.
2.1 iEMIEHR

AR IE . (ToU) 1E A W 85 18 52 7 48
B TEA SO JoU BB N 0.5, ELSEHE 5 HOXT
V7 DA i A 1 56 3 AE R 77 AR Lo U, U KAB O 1E
o], TE ) 7 A AR AR R HER 2R 2R 2k
/NTF ToU [ {E 1) F00I0 AE A Ry B0 f61) | 3 7= A= A B
P KT ToU BIAH 1A 15 I AE ( 1E B B& 46 ) ¥ 4E K
ZWEFEAG) AN P2 A AT AT % o AR SCR T 208 B
BHE mAP KT B A 800 1 43 281 B, mAP &
— i Al AR TR AR T AT 20 LT BRI L T
BUT.

N

Y AP,

=1

mAP = N (7)

P VO E A G B A ] AR R AR SR N
2005 AP HIEHKE BE O PR 2R By, B A
ESARRML T A mA, T hHA(8) ~(10)
5

1
AP:JP(R)dR; (8)
0
TP
P=—— (9)
TP + FP
TP
R=—, (10)
TP+FN

Krf, PO PRINEKI AL AR R A PR IR 1 1
AR FR 5 TP 8 E B0 400 73 o 1E B S B FP OO B
FERI 23 E RSB FN R RS R R O o B
(TR ¢S
2.2 XTWHEREHH

T AR SCHR 1 3 4 B A i e e A B
AR R 4G B9 YOLOV3 A& B (5256 vh Fk
Baseline ) 735 7E 3 Fh&CHE & L b 47 5006, g0 4%
Rz 1 iR, ERIEE 1 LW mAP R8T
67. 1% AEBIEE 2 L) mAP B A 18. 1%, i )5
TEREAE 3 LTS5 58] 1 80. 7% 1) mAP, It
PERCHRAE 1 BISS SR LT T 13,6 E o0 4, 48 T e B
PR TAEBURAE 2 11 mAP B W 7E I 2545 b
AFR A G AT LAAR G- Hb kb 70 557 A1 0 5 1514545 F AS
A 3 A RRAE 5 2, A T A WO Yy AN T T Ok

e i e A B0 42 /5 , 4 Baseline %3 138 B
ER S DL iE— 5 4R THEL AL 2y 256k 0, S 25 B
F2 iR, %2 W SENet 4 SCHA[ 9] IR UH 09 TR 46

# 1 Baseline E AR EE FRY 8L

Table 1 Performance of Baseline on different datasets

A E/S YIZR BT mAP/ %
e 1 H A5 B Hh B8 67. 1
Bmde 2 R & mAE B 18.1
Hiite 3 B 40 5 hR A EHURIR G 80.7

% 2 SENet,MultiSE MultiSE1D 43 3 il \ Baseline
EHEE LM IERE
Table 2 Performance of SENet, MultiSE and
MultiSE1D on dataset 3 after adding Baseline
il AG/IE S BHAEE/10° mAP/%
Baseline +SENet g 9.26 69. 4
Baseline +SENet Bt 3 9.26 79.5
Baseline +MulliSE  #(4&4E 3 46.3 82.2
Baseline +MultiSE1D  $(4fi4E 3 44.7 83.2

R R 25 % N3] Baseline J5 7ESUE4E 1 | mAP
PRIET 2.3 HA A RMEEAE AR 3 B mAP 1%
AERTE, BT 102 A A3 a5, U B DR A Y 8 T
I IF R REAR G Hb 35 07 AT A A TR 0 B 4

I3 AR 4R 3 b ] — W Rh Y B AN R S AR A
PG, B Ah R v g s 3 A R B0 B B K R
1/3 i AR A BE v i 0 3 P AR |5 4 T 8 5k E1R
TR YR A T st A PRl 8RS [m] Ay g e = R R
5t SENet H 4 By 4 R¢ i B #2 X B A 38 1 AT
& Ja T Py Ak KRR AR AN AF A B 4 3 s L,
WA 2 RN RIE 3 S Z X5 B, MultiSE iy 2%
FH 22 ROBE SR BURRAIE B9 302 3 T I &4 FE B die 45 3 1
B mAP K% T 82.2% , A% SENet 27+ 7 2.7 &
A3 a5, U B 22 RUBE $2 B O 3 T DA BT 47 b 4 TR
BAFRAE, B35 A A A 5 B A ) 0 SR A ) 3L
WA

SRV BB Y 45 T 20 R B SRRy 3G, n
% 2 B 88 FiR ,MultiSE e SENet 25038 hin 1 it
445 R T I R 2 ) N sl A T R T 45 e
1) FE 45 384 il J2 1 B4 4, R 9 MuliSE 15 2% A &
2 A B AN T ZEREE Y MultiSELD | 72 8045 48 3
H mAP BT 83.2% , B HI T T 1 H 4>
AL BBORID T 1. 6x10°, Uk B — 2 35 FEREE 4
Wik A 1) 7 V6 R A A

R T 20 B UE AR SCHE ) M 4% MultiSE1D
4G 5, 7E Baseline " A H At 7 & 1 W 45 .
SESADRN'™ GCNet'"™ | 7E A SCHU 46 45 3 | b 52
ek RN 3 Brs, il A SESADRN , GCNet 2 J5
KL mAP 3R R B OBE N R OR R,
MultiSELD () mAP b —F4R8% 7 3 A i, H



%1

JASCHE R AR T YOLOv3 I 58 70 L i) B A g e b 2843531 39

TR H B B AN Ta] AR SC R P RR T R T 1
KR LTI HAh S R &R ok R e — B, 3£ 3
o S50 R HUE BTy AR AR SO 4R A —
PE, MultiSE1D ¥ 3& H] 7 b5 A 5 B 4h BHRIR & 1
GRS
% 3 SESADRN,GCNet MultiSE1D
SR\ Baseline ZE#(#E 5 3 LRy 1% &8
Table 3 Performance of SESADRN, GCNet
and MultiSE1D on dataset 3 after adding Baseline

LY mAP/ % ZHm/10°
Baseline 80.7 9.13
Baseline +SESADRN''" 80. 2 9.26
Baseline +GCNet" "’ 80. 4 17.5
Baseline +MultiSE1D 83.2 44.7

B 53 BB H AR A [ 46 Faster R-CNN'' |
SSD'" | YOLOv3'® | EfficientDet ™' | YOLOv4'"" 7£ %
PaAE 3 L HEAT SO S i A ) bR o 4 e A
BT 2% 2] % epoch , batch-size 5 A 3L 5 R
— B, S A RE 1 PR L — B, 2 Bl B A
LRI AW AN [R] AR T I 48 A B A T ARG T
AN, AN TR R 45 19 Neck 5 Detection head A
[F) | S5 56 25 R LA R A G 00 4SS 28 i T ) 3 T o 2%
n 4 PFros, SR EW, AR SO ol 8 TEE D
MultiSE1D {14 35 5 150 2% X 7 S ) 8¢ 114 12 50 2 A
R

x4 TEBEFRNMERBELIEE 3 LHiEsE
Table 4 Performance of different target detection

network models on dataset 3

A mAP/ %
Faster R-CNN(VGG16) ' 79. 4
SSD( ResNet50) " 82.8
YOLOv3( Tiny-darknet) '] 80.7
EfficientDet(D1) " 82.0
YOLOv4 ( Darknet53) '] 81.8
A S 83.2

3 it

B X M A1 g 05 K PRI S 28 0 BE A B R )
[E] 43 A ARAE 22 5 /N 5 T8 1 SRS 25 5 TR VB S5 5 A
ARSCH T —F B YOLOVZ T M%7 %,
SEPLT P R B TR T MultiSE1D 15 1 ) 26 A5
R A AL E o 2 R B IBCRRAE i ) 4% HAT 2 Fh
JAZ BT BB T 4 M 2 > AR & R R Y 0 =
TRRFE B SRy 8 53 2 R AE 5 3 3 K 42 1 45 IR B 4
— AR 7 2 A 0 G T A R AR Y R A A
ARA I TE RRAE 5 3 G A IR R 0 A B A AR

FEAR 7R 240, XAl S AR A SO H RS
AR R Bl gk X SR RIS T o HF R 4 0¢
FR T 1 K [ 0 0 o 25 B A MR I BE 0 o AR S
XF LU S A5 AT LA 3% 07 35 AT SE B 200 A
WA BF A AR A B IR, U T mAP R
83. 2% MR I AR . M T B 7 ik AR S
P X 268 AT LA 280 B T D A 7R 4t B A ] {5
TIE B4 YR A P B 40 YT R A 1 2 2T BE T, e R BT AN )
U0 TR AR Y R 2 R ) () R AR A R Y il
UES

S & Lk

(1] FEF, H%, ZF RS EAFI(M] A
B PR AR HOR A, 2006.

[2] WANG J N,JI L Q,LIANG A P, et al.The identification
of butterfly families using content-based image retrieval
[ J].Biosystems engineering,2012,111(1) ;24-32.

[3] LIF, XIONG Y. Automatic identification of butterfly
species based on HoMSC and GLCMoIB[ J].The visual
computer,2018,34(11) ;1525-1533.

[4] CHEN X, WANG B, GAO Y S. Gaussian convolution
angles: invariant vein and texture descriptors for but-
terfly species identification [ C ]//2020 25th
International Conference on Pattern Recognition
(ICPR) .Piscataway: IEEE,2021.5798-5803.

(5] WffRYE Gem, B, 55 WA 28 [ 2 30 50 BF 5
[J]AF5HLRF 9T 5 & FE ,2018,55(8) :1609-1618.

[6] XIEJY,LUY Y,WU Z Z,et al.Investigations of but-
terfly species identification from images in natural
environments [ J |. International journal of machine
learning and cybernetics,2021,12(8) ;2431-2442.

(7] BEM, Ko 4, A B, 4 T A YOLOV3 1Y
BN S [J] BN R 2 2 4 (T2 JR) L 2020,
41(2).7-12,31.

[8] REDMON J, FARHADI A. YOLOv3: an incremental
improvement [ EB/OL]. (2018 -04-08) [ 2021 - 05~
01]. https://arxiv.org/abs/1804. 027672.

[9] HU J, SHEN L, SUN G. Squeeze-and-excitation
networks[ C ]//2018 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Piscataway:
IEEE,2018.7132-7141.

[10] WOO S,PARK J,LEE J Y, et al.CBAM ; convolutional
block attention module [ C ]//15th
Conference on Computer Vision ( ECCV 2018).Cham:
Springer,2018:3-19.

[11] LI X,WANG W H,HU X L, et al.Selective kernel net-
works[ C1//2019 IEEE/CVF Conference on Computer

European

Vision and Pattern Recognition ( CVPR).Piscataway:



40 N K F W (T % R) 2022 4

IEEE,2019:510-519. IEEE,2019:1971-1980.

[12] WANG Q L, WU B G,ZHU P F, et al. ECA-net: [16] REN S Q, HE K M, GIRSHICK R, et al. Faster
efficient channel attention for deep convolutional neural R-CNN :towards real-time object detection with region
networks[ C ]//2020 IEEE/CVF Conference on Com- proposal networks [ J |. IEEE transactions on pattern
puter Vision and Pattern Recognition ( CVPR).Pisca- analysis and machine intelligence,2017,39(6) :1137
taway: IEEE,2020:11531-11539. -1149.

[13] HE T,ZHANG Z,ZHANG H, et al. Bag of tricks for [17] LIU W, ANGUELOV D, ERHAN D, et al.SSD: single
image classification with convolutional neural networks shot MultiBox detector [ C]//ECCV 2016: European
[ C]//72019 IEEE/CVF Conference on Computer Conference on Computer Vision.Cham: Springer,2016:
Vision and Pattern Recognition ( CVPR).Piscataway . 21-37.

IEEE,2019:558-567. [18] TAN M X,PANG R M,LE Q V.EfficientDet: scalable

[14] XIN D J,CHEN Y W, LI J J.Fine-grained butterfly and efficient object detection [ C]//2020 IEEE/CVF
classification in ecological images using squeeze-and- Conference on  Computer Vision and Pattern
excitation and spatial attention modules [ J]. Applied Recognition ( CVPR).Piscataway: IEEE, 2020, 10778
sciences,2020,10(5) ;1681. -10787.

[15] CAO Y, XU J R, LIN S, et al. GCNet: non-local [19] BOCHKOVSKIY A, WANG C Y,LIAO H Y MARK.
networks meet squeeze-excitation networks and beyond YOLOv4. optimal speed and accuracy of object
[C]//2019 TEEE/CVF International Conference on detection[ EB/OL]. (2020-04-23) [ 2021-05-01].
Computer Vision Workshop ( ICCVW ). Piscataway: https://arxiv.org/abs/2004. 10934.

Identification of Butterfly Species in the Wild Based on YOLOV3

and Attention Mechanism

ZHOU Wenjin, LI Fan, XUE Feng

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: To solve the problems of fine granularity of butterfly classification, low recognition efficiency and
poor accuracy of existing models in the field environment, aim at the automatic recognition of butterfly species
in the field, an embedded channel attention MultSE1D recognition network was proposed to improve the back-
bone network of YOLOv3 model on the basis of self-built hybrid data set. The network used multiscale to
extract high-dimensional features, so that the network had a variety of receptive fields, and paid more attention
to the local subtle differences between many subclasses of butterflies and the surrounding environment. One
dimensional convolution was used to replace the compressed excitation layer to avoid dimensionality reduction
of channel features, to reduce the model parameters and to improve the operation efficiency of the model.
According to the above method, the final mean average precision (mAP) of the model was 83. 2%. The results
showed that the improved recognition network could effectively improve the accuracy of the original model to
extract the butterfly image features and the learning ability of the detail features, and could provide an effective
solution to the problem of identifying the species of butterfly digital images in the wild.

Keywords: butterflies; automatic identification; YOLOv3; channel attention; multiscale



