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Table | Comparison of performance metrics of models on the butterfly dataset
. 5 — R R/ O 22 /0 FE T 2%/ O F, 0%
7 Model %2 3= Backbone A4y Year Skl AEE/A i ﬁ,z,/ﬁ BE
Top-1 accuracy Recall Precision F-score
— ResNet-50 2016 82.80 76.1 81.4 0.755
DRC ResNeXt-50 2019 83.10 76.8 82.3 0.759
BBN ResNet-50 2020 83.96 774 81.6 0.775
RIDE ResNeXt-50 2021 83.39 76.4 81.5 0.761
This study ResNet-50 2022 86.10 81.3 84.6 0.818
xR2 ARRBEHREEENLDEREMBERLR
Table 2 Comparison of performance of models in head and tail data of butterfly dataset
T )
R Model % 2% 3T Backbone 0y Year SRR/ AR/
Many-shot accuracy Few-shot accuracy

- ResNet-50 2016 85.79 62.94

DRC ResNeXt-50 2019 86.15 63.38

BBN ResNet-50 2020 86.14 64.11

RIDE ResNeXt-50 2021 86.25 65.49

This study ResNet-50 2022 88.96 68.34
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Table 3 Ablation experiment comparison results

on butterfly dataset

St HEw R/ %
. Layerl Layer2 Layer3
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(100X 10°) , BARBIRY AL /N AHPE BE [R]FE A7 A6 35 KR
TR, SSCM AR Y ) 1R 53] 9B 1 2R 43 IR T 18.15 I
11350 A 7 o FEFAE I IS EN F T,
IP102 1Y ResNet-50 R % 2 49.4 06 , Bk f i 45 Al
TEMC B4 FARTE T 21,75 @ 4 4, PR BE 4R THE R
K o RIDE F1 BNN i 51 # B 2 43 5l J& 67.79%
68.13% , {H SSCM 5 764 {14 5 51 A fff 2 %] Fb ik 2 B
B R TE T 3.36 K1 3.024N 4 .
®4 REFEEIPI02 BHIEEERHS LML
Table 4 Comparison of performance of
methods on IP102 dataset

Tk CE = GO F—UETR/ %
Methods Backbone Year Top-1 accuracy
Bollis Inception-v4 2020 48.20
IP102 ResNet-50 2019 49.40
DRC ResNeXt-50 2019 52.21
Bollis MobileNet-V2 2020 53.00
Bollis NasNet-A Mob. 2020 53.40
Bollis EfficientNet-B0O 2020 59.80
RIDE ResNeXt-50 2021 67.79
BBN ResNet-50 2020 68.13
Ours ResNet-50 2022 71.15

F13% 5 Al AL, 76 TP102 B B 4 | SSCM AR A
HHEE T HoAl 34 I A R BB B AL RAT T 4P Y
PUIPERE , ) ELABCPEREAE AR R AR .
x5 IP102 B HEREAR BRB A REIEIRIL R
Table 5 Comparison of performance metrics of models
on the IP102 insect dataset

o A .
i ; o} 7 F4
Bow mEmET em wek/y o T RO
/% EB/% Fy-
Model ~ Backbone  Year  Top-1 L
Recall  Precision  score
accuracy
- ResNet-50 2016 49.40 34.9 36.3 0.334
DRC  ResNeXt-50 2019  52.21 37.6 40.1 0.383
BBN  ResNet-50 2020  67.79 53.1 55.8 0.547
RIDE  ResNeXt-50 2021  68.13 59.8 64.5 0.567
Ours  ResNet-50 2022 71.15 67.6 70.2 0.673

®6 ARERBEIPIO2HIREH LIS EAIERELLE

Table 6 Performance in head and tail

P 2% 6 TTT, A1 EE TSk R E 1 M e L K R AR R
TERHRMEREA & RM$E T, SSCM LAY [ RIDE £
FUAE R SRR B P HE T R 5 8.33 4N E 43 1

data of IP102 dataset
" - R 3 BT .
B REET G R gy
Model ~ Backbone  Year v Few-shot
aCCUrﬂCy
ﬂCCUrﬂCy
— Resnet-50 2016 61.61 16.90
DRC Resnext-50 2019 64.35 19.52
BBN Resnet-50 2020 76.35 34.04
RIDE Resnext-50 2021 78.78 44.28
Ours Resnet-50 2022 82.94 52.61

SSCM #EHUAE TP102 B HUECHE 46 1 A9 T ml il 55
25 0L 55 LA SR B0 45 v U0 M 1 R P — B, Bk
P2 IE R B EFE A Layer3 i 3075 T fe dr- (O MERE 4R
F(FE7).
K7 P12 BRHIEEEMIRBER

Table 7 Ablation experiment comparison results on

IP102 dataset
L H /0
%{E Layerl Layer2 Layer3 e/ 26
Baseline Accuracy
- N - - 66.69
* + - - 53.34
- - + - 69.67
i _ - + 71.15
S Ry
3 it it

ARBFFEIR T —Fh SSCM BRI ) i3 K R iR )
W RIS LA T T R HOR R S 4
=20 B ) BARERAE A &, W B S0 B B AR
DA HR 45 AT DL m iz omh 28 5 H A 2 i X 51, A
IR AE R0 ) a2 e R XS AE . Sy T Y
26 AT AN 2 2] B K R REAE , H AT 2 R BT
7, — RO TR E A A & R IE I 2R 2T, 5 —
Fofr 2 35 T ) R 4 Joy 308 A A o 58 R AT IR — 2 B 2
2o ZREE 2R TIE NG K AR T R 5
HEABY, BRI ARG E ek T RS E S
o 2H AR LB AL 53 0 I F 85 0F 1T AR AN R R
oA AT HE TR TR EE 4

HA T RZHA ST 2 M 45 (convolution neu-
ral network , CNN) 5l #l VGG Fl EfficientNet % 7] L
BUAS R X T vy )~ A ) PRI S o 2R M e . (ELR
PRSI A T v RE E 28 00 B A A R M LA 1,
Sk e ) ) B s A B T A B 4 B T AL
PEHURFIE M2 o Ry T i XA T5 2K, ResNet-50 1
B 25 G5 R R T TR 2 I 45 1406 35 T 2 RIASE 3 J K i)



% 33

BRI 55 DRBERORY R Rt & L 1 R H AR TR

279

RO, (175 P 2 AT LA B S B A ARAEAE B, JF HoT LA
TR A AT A/ Nty R AR ok 405 T R
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R 22 It B BE 5 I RO 1 22 5, 5 R 4% Sk [ 5
M) A T P AR I 2, DT T 4% 1 43 28 T, DT DN i
D285 (1) 43 AU o 1 25 R SR I TR TR A )
i B2 TS FF 1 B R A R B 4R T ME o 232 40l 36 )
86.1% . 71.15% , 38Xt Lb iy s 4 T+ 1 2.14 1 3.02 4
[EEi =¥

YIRS B R R g i o 748 285 7 ik 55 b, dd ik
/N T T App FR IR SR ) W 85 I R, o B R kAT
PR PRI, AT DA S RE X6 AR Ml R4 B B AT bR
U, B0 A 3 L, SR il MDA A S RE . LA
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Synthetic samples combined model-based recognition
of long-tailed target

CAI Runji,JIANG Fangyong ,ZHENG Taotao, LIU Donglin, XU Chudong

College of Electronic Engineering(College of AI) ,South China Agricultural
University, Guangzhou 510642, China

Abstract Insects are the most diverse animal group in nature. Some species are difficult to collect,
which makes datasets often highly heterogeneous with long-tailed distributions. This article proposed a con-
volution recognition network model based on synthetic samples combined model (SSCM) to solve the
problem that the uneven distribution of insect datasets leads to the poor recognition performance of recogni-
tion models in tail categories with less data. The model contains three modules including image segmenta-
tion and shuffle module, backbone network module and data fix branch module. Through the image seg-
mentation and shuffle module, the training image was segmented and shuffled to obtain new training data
and added to the training set. ResNet-50 was used as the network backbone to extract features of image. At
the same time, the data fix branch module combined the mean square error and cross-entropy to calculate
the error between the synthetic samples and the original image to reduce the adverse effect of the synthetic
samples on the tail data. A butterfly dataset containing a total of 26 045 images of 300 species was con-
structed to evaluate the performance of the model proposed. The results showed that the accuracy of SSCM
model was 3, 2.14 and 2.71 percentages higher than that of DRC, BBN and RIDE in the butterfly dataset,
respectively. In addition, the validity of the SSCM in the public IP102 insect dataset was verified on the
public insect dataset IP102. The results showed that the accuracy of SSCM model was 18.94, 3.02 and
3.36 percentages higher than that of DRC, BBN and RIDE, respectively.

Keywords insect recognition; synthetic samples; image segmentation; agricultural monitoring;

long-tailed recognition; ecological environment monitoring ; biodiversity protection; pest controlr
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