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Abstract There are tens of thousands of butterfly species. Each butterfly species is closely related to a specific type
of plants. It is significant to study butterfly species automatic identification. However, it is very challenging to study
butterfly species recognition via the images taken in the field environments. One reason is that there are small number
of butterfly species in the existing datasets compared with the reported species in the world. The other reason is that
the number of samples (images) of each butterfly species is limited in the datasets. These situations make it
challengeable to train a general system for butterfly species identification via machine learning algorithms. In
addition, butterfly wings are always folded in the images taken in the field environments, which make it challengeable
to learn butterfly classification features, which further make it difficult to study butterfly species recognition using
machine learning techniques. Therefore, meta-learning is introduced to address the challenges, and DL-MAML (deep
learning advanced model-agnostic meta-learning) algorithm is proposed for identifying the butterfly species using
available images taken in the field environment. DL-MAML introduces a L2 regularization term to the objective
function and the parameter updating of the meta-learning MAML while introducing ResNet34 deep learning model to
extract butterfly features and plus two more convolution layers to the MAML model to avoid over-fitting. The
extensive experiments including ablation experiments and comparison with available meta-learning models
demonstrate that the initial model parameters obtained by DL-MAML algorithm are effective to identify new species
butterflies. DL-MAML is effective in identifying butterfly species using images taken in the field environments,
which make it possible to construct the general and complete butterfly species identification system using available
butterfly images from limited categories.
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Fig. 1 Data division of the meta-learning process
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Fig. 5 ResNet residual block of DL-MAML’s feature extractor
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Fig. 6 Sample distribution of butterfly ecological photos
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Fig. 7 Several samples of butterfly ecological photos
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Fig. 8 Dataset setting of the 5-way 1-shot experiment in meta

test
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Table 1 Data Division Results of Different Experiments
for Each Task
x1 TRAZBEMESHEIEYSER

. yin ]| H TEMR i

SR E TCYNGRFEA R TLIMRFEA R
(support set + query set) (support set + query set)

5-way 1-shot 5+5 5+5

5-way 5-shot 25+25 25+25

Table 2 Butterfly Classification Accuracy for Testing the

Regularization Term Weight Experiments

2 ENBHLENN SRR MRS K AERE %

] 5-way 1-shot
MAMLA+2 Modules+L2 (4 =2) 69.92
MAMLA2 Modules+L2 (4 =0.5) 70.40
MAMLA+2 Modules+L2(41 = 0.2) 72.56
MAMLA2 Modules+L2 (4= 0.02) 71.35

T IR R R

4.4 JUESIEIRIERLSCL

AR 38 2 7 il S 50 39 UE DL-MAML 5% % Y 76 %
ARG 2 Ak S (W JE 4 MAML 3 i 45 BB B Al
2t oe H bR ek RO B9 AT 80P T RS B 25 R 3R 3
Fioi.

Table 3 Accuracies of Butterfly Classification in Ablation

Experiments of Meta Learning Module

R 3 TEIRBUHRI MRS K AERE %

izl 5-way 1-shot 5-way S-shot
MAML 61.04 87.39
MAMLA+2 Modules 72.13 87.60
MAMLA+L2 72.05 87.96
MAML+2 Modules+L2 72.56 88.03

e IR R ALE R

22 3 11 (% MAML 7 Finn %5 A i ] 4 4 780 1)
o E R W, Lk 2 o (3) A9 T T IR 5 MAMLA+
2 Modules & 34 il 2 /4~ 35 AR B A 455 Yl ) A D 4
T ok ms, B =X (3) Y BT 0K s MAML+L2 Hy i
FH MAML #5 #, Sg F 5K (5) B9 5 37 58 1% ; MAML+
2 Modules+L2 iy 38 i1 2 4~ 45 BB He 11 455 70 4 FH =X (5)
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() B 37 S W, B DL-MAML #5575 1) 6 2% S #i e

ST BRI B B % Finn 5 AP YR, L8
#EAT 10 000 epoch, PYTIE R 1) 2% 2 K a=0.01, SMIG IR 2%
2] #p=0.001, batch size 1% & H7 8, Yl 2k B B B AT 55
R HEAT 5 YRS BE BRI B Be B AT 595 1647 5 IR
Hof B BT, W3R B BB AT 55 10 4 S HE R RO 5 K
T B BB 2 0 1Y 7 dE R R U 2B Be M T I R 2k
Dineta-train R FF 80 000 AT 55 A7 Y 25, W4k By Be M OT
I3 E Doetarese K FE 200 AE 55 47 13K DL-MAML
AT H A pRE Y L2 1E 4L 35 5 5 1=0.2.

5% 3 Al WL, 78 5-way 1-shot SZH6 Ff, 43 51 48 fin 45
U e | B i MAML 553 1 o0 H b ek 8k, 8] s 38 i
B BB LRI 2l MAML 592 50 H A R E5GX 3 3
P 8 B TR AT 55 1 4 2R HERR . 3R 3 i
R, 7E 5-way 5-shot SZ 5 H1, TCi J& 3G i 2 B,
M2 25 70 H AR oR B0 0 1E W AR 5T, A AL X I AT 55
8 T B 2 B A 4 T, EL R B 3 A B RN AE JT H AR
PRI HR 5 LA I DU 5 T A4S 1) 43 R il R AR TH i £
Whh, T3 EIR, 7F S-way 1-shot SZ 56 A 48 il 45 FL bR
XA TR M B 1 42 T L G JT H B R O AR R 1 B 1Y
TSR, {H7E 5-way S-shot I8 H I AH 52 . 3 i B AR
SCEREE ) MAML ST H AR oK BRI 2 808 8 5 i AE N1
IREATE Z 0, i ok 09 1 2 S 800 Re ik — 2P 4R ot
FERIPEBE. R I T L, AR SO MAML A 2 &b et B 5
BFT HAERE. (HR R 3B BoR, R A FE S-way 5-
shot 52 56 114 73 S HE A 38 (19 52 THAS S A 5-way 1-shot 52
95 1 o3 JEHERG R 4R T 2. R R R S-way S-shot R
NECIE 2 QER T3 [iU) = 57 X gl §. 0
4.5 4FMEIRBUARHRH Bh K18

AT BT DL-MAML £ 2 ) oo 2% ) fE e, 2k H
TH il 52 56 56 31F DL-MAML 5 R 1) 55 AiF B BUSE B 1) 14
AE. T B S HIE S R ES e 5 4471
FHTE], R 2 2k R AIE B OB B 2 i R /Ny 224%224%3,
FIR 2 FRAE SR OB B 2 J5 , QR AIE 1 R /)N i 0]
HEh 84(1E ) x84(HE ) x3 (il I ) 1 A

I3 8k, ¥ VGG M 2% 1E S ¢ 1 48 B 2% 5 # DL-
MAML 5 2 % 55 AF 4 B 17 52 30 e, 3o ik AR 3¢
L ResNet [ 45 1 Ay ¢ AiE 4 B 1) 1F 6ff 74 . 5230 45 21
W3 4 s, Hd “ DL-MAMLVERIF $2 50 268 % A 55
E 2 B B i B MAML, “VGG-MAML” % 7w H
VGG M 2% ¥ i DL-MAML £ Y (1) 45 fiF $2 B 455 e
“DL-MAML” 78 A SCAR AL

4 BoR, BERHIE S BUR B 1) VGG-MAML Fl

Table 4 Classification Accuracies of Feature Extraction

Module in Ablation Experiments

R4 FHERBESUHRBIKIR M S R ERE %

Y S-way 1-shot 5-way 5-shot
DL-MAMLVEHF 42 H 72.56 88.03
VGG-MAML 76.74 88.40
DL-MAML (Z&3C) 78.42 88.91
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$ETF, JUHEAE 5-way 1-shot 525 1 43 24 e 1 R 42 T}
3%, 7F S5-way 5-shot S 56 () 43 2 i R A $E THER
KR B35 3% U8 B DL-MAML A5 78 [ 45 A 42 IR B
X DL-MAML #5 #4 (1 P 68 $2 T+ A5 B AE FH (R 7R SC
HCHE R MAML JG H A5 pR ORI XTI 4 MAML JG %% 2
B3 in ( 4 FRABE 0 1 o A 25 200, 4R i) 2 T
7 bR BRI 2 5003 7 J7 9 %) S0 X A 28 1 8 5 T i
L IXAE 4.4 75 TH AR 244 B 5IE.
4.6 S5HMTEIRBPLLLE

AL 44T T A5 S8 45 R B R, DL-MAML
B AH LT MAML 553 76 W 0 53 2841 45 B R IE
. A HKE o5 DL-MAML #5550 5 Ho Al /N A 4325 07
BvEReE, X SR A R AN 5 PR,

Table S Accuracies of Different Meta-Learning Models for
Classifying Butterfly Species in the Field

Environments

RS AETHE MBI EF IR THIMEA S L TR %

fEiAY 5-way 1-shot S-way 5-shot
matching nets 63.16 84.62
meta-learner LSTM 60.34 86.34
MAML 61.04 87.39
DL-MAML (43() 78.42 88.91
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Table 6 Butterfly Classification Accuracies of Different
Types of Ecological Images
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