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Abstract

Butterflies play an important role in ecosystem stability, not only helping plants spread pollen, but
also signaling changes to their environment. Aiming at the low recognition rate of butterfly species
in the natural environment, this paper proposes a recognition model that integrates multi-scale
and transfer learning. Firstly, the focal loss function is used to solve the problem of imbalanced
dataset distribution. Secondly, transfer learning is introduced to improve the recognition accuracy
and speed up the model convergence. Finally, ASPP is introduced to enable the model to capture
butterfly image information from different scales. The experimental results show that the average
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recognition accuracy of the method proposed in this study reaches 98.03%, which is 4.88% higher
than the original model. Compared with other comparative models, it also achieves great advan-
tages. It can provide technical support for the identification of butterfly species in the natural en-
vironment.
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SMARIE T ARBEE . 75 RS S MG LS E 2 2 B0 B SRS v R IEA A AR 8 =40, S0 o) 2% 0 i)
WERR SRR, HASCEAR RN, KA 2R SiRAZ N EfficientNet-B0O A2l A
[10]. EfficientNet-BO M5 4524404 1 fow, HPIAEIEGER . 7 M) {8 B30 (Mobile inverted
Bottlenneck Convolution, MBConv) [11]. ik 2 48 24 . EfficientNet-B0O WX 28 i F 5k 25 45 14
S LE R, AT A H B = AR BRI, SR EE . B 1 R gn, EfficientNet-BO 4% i) 3 %
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Table 1. Network structure parameters of EfficientNet-BO
& 1. EfficientNet-B0 F4&£5H95 5

Stage Block name Block number Resolution Channels
1 Conv3 x 3 1 224 x 224 32
2 MBConv, k3 x 3 1 112 x 112 16
3 MBConv, k3 x 3 2 112 x 112 24
4 MBConv, k5 x 5 2 56 x 56 40
5 MBConv, k3 x 3 3 28 x 28 80
6 MBConv, k5 x 5 3 14 x 14 112
7 MBConv, k5 x 5 4 14 x 14 192
8 MBConv, k3 x 3 1 77 320
9 Convl x 1 & Pooling & FC 1 7x7 1280

BN BN
Conv | Swish | Depthwise Conv | Swish Conv |BN
o i o —Dmupomﬁ?é

Figure 1. Structure diagram of MBConv
1. MBConv Z5#3[&]

22. IBF3

IR SR A AR AR 35 BN B S5 R BV HAE 554 2], (R R Son Bk B R )1
I 1a] . AHT SR AE ImageNet K4 b SLe 5 2 AR AL S RO BIMIRA SRR Seit b, R 2R0A
ZH TIN5 S, SRTHIIISAP SRR R R . [ EfficientNet 25 i BG4, HAR
SHEBDY, HIWATHERGEMZ, BRGNS 24

2.3, miRzEEREEFE

IR 0 08 T O0R K N 2% S, TR AR TR R R R — G R A (S BB ERE DB S, A CAE
EfficientNet-B0 P& FIAFE S B S5 51 N 251 2 A5 A b4k 4 35 (ASPP) [12]. ASPP FEEH—1~1 x 1
HIBEAE . SREER N 6. 12, 18 (25 TR 4 Jo il R Be A pl, s 2 s, Herp
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Figure 2. Structure diagram of ASPP
& 2. ASPP Z5#4[E
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p, ify=1
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1-p, otherwise
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F7E ImageNet HdidE L UIZRIF IS HAEIT R BIART S b, MRS L . - THERL TR HERS % 5
EREFNIEIAR KN ZFE, £ EfficientNet-BO 2% (RFIESREUZ 5 51N ASPP USRI AN [ R BMEF) Kf
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Figure 3. Overall structure of the model
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Figure 4. Butterfly images
4. HERER

ZHAEAE R ERL T 7 P A S R AR, 3k 2716 Tk BB ARSRIEA - TE BTN SR BH A R Rk
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A OB IR AR e I RS, ARG R L A A B . IMSRTERE L PR R SR Y 0 T v
WZERATY 78, ¥ 785 BUG B 4 4% 9525 5k .

Table 2. Butterfly dataset

2. WERERE
Butterfly species Numberofimages Tr;eﬁr;lrjr;;zra%;tnr%igtiggos:ts Number of validation sets
Catopsilia_pomona 434 1520 130
Colias_erate 253 890 75
Delias_pasithoe 315 1105 94
Gonepteryx_rhamni 826 2895 247
Hebomoia_glaucippe 408 1430 122
Pieris_canidia 232 815 69
Pieris_melete 248 870 74

33 EWHEURSHIRE

SIS IS B UF B 7E [F —F & LT . SEER AR 42855 : CPU 4 Intel(R) Core(TM) i5-11400F @ 2.6GHZ
2.59 GHZ, W1#916 GB; GPU Jy Nvidia RTX3060Ti8GB. #ff¥ 1%: Pytorch Jiz4Jy 1.7.1; Python i
A7y 3.8. it K /)N (Batch size) i B 4 16, ALK % (Epoch) B &y 100, A FHREALES L B 5532 (Stochastic
Gradient Descent, SGD)/E $i 2k B EULAL A%, WIGR2E TR B E N 0.01, 223 RKEEH LR IREN, & 10
R UE 0.5,

3.4. VNiEHR

AHIEFE AL F 502K ) R PRSP HERf R . ASTER . A B R AN AR

1) “FHuER %

SP-241 1R 51 HE T (Average recognition accuracy /%, Arc)$s A2 56 IE 5 73 2R IE R AEAS & B0 IE R BREA
By tet], THE IR @) PR

Arc= %iﬁxloo% 3)

X N ONEIRIEBEE, AP N=7; Y RS BOEE; X, NEi BhoRIEHEE.

2) KhEHfiE

K1 2 (Precision) 78 7~ 52 B I fff (1) M 45 2 o 4 S0 T oAy 1 R R 8 i e LA, vH BT VE AN (4) BT«

Precision = P x100% @)
TP+FP
3) HlalE
11 2% (Recall) 2 7 B2 52 TE B PRSI 5 o5 2 g TE RO i e iy L A1l o507 K an (5) s
Recall = P x100% (5)
TP +FN
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4) F1-score
Fl-score LR 558 T REHRA A B Z, ZMWERHAEYE, HEAXnXG)Is,
F1—score = ___ 2P x100% (6)
2TP+FP +FN
3.5. LR

3.5.1. AENARERXTEL KL
RIEAIEAS S (EfficientNet_BO_A)f %, #HL ResNet [15]. DenseNet [16]/1 MobileNetV3 [17]#5
BRSO b, SER S RAnE 3 Fios.

Table 3. Comparative experiment of different recognition models

3. NENRAMRBIXSEESLL0

Model Accuracy (%) Precision (%) Recall (%) F1-score
EfficientNet_BO 93.15 93.02 93.11 93.06
DenseNet-121 93.09 93.01 93.08 93.05
MobileNetV3_large 93.12 93.04 93.10 93.07
ResNet-18 92.65 9231 92.33 92.32
EfficientNet_B0_A 98.03 97.63 97.62 97.62

122 3 &, PUFPSKT L 2 EfficientNet_BO &R i if, “FI5iR 51 %A 5] 93.15% . A SR A I il 34
BB EE T 4.88%, 1AF 98.03%, HASCHIAYFIFEMZ. HEIZEH Fl-score th3 LT DU ELALHY

EfficientNe_BO0 5 EfficientNe_B0_A X bt SZ 46 (1956 11F 55 1R B vH i e A R (B i 2 an 1] 5 o, Fedp 4
£/ EfficientNe_B0, #£k{U% EfficientNe_BO_A. 1/ 5 %1, JRBALLE 60 4 /2 A a8, kit
JERAITE 20 3o Ol WIS ABUEIE RS G, BEAMSIOER R . HACSCEBYFE SR IE 4R 0 E pT -
BRI s, RN
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Figure 5. Recognition accuracy and loss value of model validation set. (a) Validation set accuracy; (b) Validation set loss

value
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3.5.2. jHmEhsCLE

NIGAE Focalloss 32 =) Fl s i 23 [ A R AL & B A 2, A SCHE EfficientNet_BO 4% 25
by BRI NS AR TIRAE, SEIREE AR 4 Fian. R FL. TL. ASPP 453 = Focalloss 15
KERH. TR SR A A A SR 4 b, e g 1 B AR S SR A5 2 B B

Table 4. Ablation experiment
4. HRASIE

Group FL TL ASPP Accuracy (%)
1 - — - 93.15
2 J — — 93.56
3 \ Y — 97.25
4 \ Y \ 98.03

TE: NFORMAZOE, — RN AR i

H#e 4 ArAn, 411 M4 2 XPEERT A, 51N Focalloss #2k R AUS , ARSI HERf R AR HER R 5 T
0.41 A7 s, VEHIEEE A AN I R VE BE RO RS 21— € 22 el 2 AndL 3 xFbbmr . SIA
TG, BALRAI R KR ST, 13 97.25%, H & 5 v, MANSIoRE P, 4 3
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Figure 6. Confusion matrix of the validation set
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