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Plant pest identification prototype network VGG-ML
based on meta-learning

GUO Xiaoyan* ,SHANG Haoxi

(College of Information Science and Technology ,Gansu Agricultural University , Lanzhou 730070, China)

Abstract ; [ Objectives ] To solve the problem of relying on a large number of training samples when using deep learning technology to
identify plant pests,a VGG ( visual geometry group ) prototype network ( VGG-meta learning, VGG-ML) based on the idea of meta-
learning was proposed in this pater to identify plant pest types in small sample backgrounds. [ Methods ] VGG16 was used as the
embedding unit to extract the characteristics and category characteristics of the plant pest sample. In order to improve the recognition
ability of the network for new categories, and solve the problem of low recognition accuracy of plant pests and unrecognizable new
categories of pests in the case of small samples,the dataset that the training set and the test set from different data categories was
adopted in this pater. The test set was divided into a support set( obtaining class prototypes) and a query set( sample prototypes) ,and
the similarity between sample prototypes and class prototypes was measured by Euclidean distance to determine the category to which
the samples belong. [ Results] Twenty four kinds of agricultural insect pests such as aphids,armyworms and flea beetles of 11 plants
such as corn,sugar beet,and alfalfa in the public dataset IP102 were used as training data,and 8 kinds of common aquatic rice pests
such as rice leaf roller,rice leaf caterpillar, Asian rice borer,rice gall midge,rice stem fly,rice water weevil ,rice leaf hopper, and rice
bract were used as test data. The recognition accuracy of VGG-ML was 67.98% and 81.5% respectively under 5-way, 1-shot and
5-way,5-shot conditions, which was 3.53 and 4.4 percentage points higher than the original prototype network, respectively.
Compared with the ResNet50 and VGG16 networks based on transfer learning, the accuracy of the 5-way and 5-shot tests increased
by 28.65 and 25.94 percentage points, respectively. [ Conclusions ] VGG-ML was effective and reliable in the identification of plant
pest types in small samples,and it could be applied to the identification of small samples of plants.
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1.1 HiE&E
1.1.1 g E  FIHINZGENZ VGG-ML BRI« =2 G877 I HR AR R B 2= B i
A28 AR B T . R B0 A RO A TP10217) e 8 T ok (RIS V78 45 11 Al
PR R R H R A 24 R0l T 7 200 R RS IEA TR I (224 %224 ) | JiEhE G TRAL BEERAE , B )R AT
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Table 1 The detail of training set

br%s bR%E A FK AR e bR% 2K FEA KR
Labels Label name Number of samples Labels Label name Number of samples

1 F KM Corn borer 300 13 LT L Wheat blossom midge 300

2 ZHH Army worm 300 14 Z [FI I Penthaleus major 300

3 BEH' Flea beetle 300 15 % Wheat sawfly 300

4 FHERAH Beet weevil 300 16 FHSE WAL Beet fly 300

5 JE7% Blister beetle 300 17 R¥) 4 %51 7 . Meadow moth 300

6 T Cicadella viridis 300 18 HREHZH Alfalfa weevil 300

7 ik Mole cricket 300 19 i Thrips 300

8 kek . Wireworm 300 20 )ik Limacodidae 300

9 /NBAE Black cutworm 300 21 FH AT XU Papilio xuthus 300

10 21 Wk Red spider 300 22 215 WY Eroplastes rubens 300

11 e o Aphids 300 23 HE gt Ay gy Ipaecoccus vastalor 300

12 MR Peach borer 300 24 HBler i ik Prodenia litura 300

1.1.2 Wik&E N T RAE VGG-ML XH AR A ARSI RE /7, Br vk FH B R AE SR EEAR A 3846
TP 102 Hda4E e ARSI G -0 R 6 i 0 Y0 R e e A AT R /K 2 R of A e 8 28
LB KRR B E | BEREEAR K2 40 TR IR, 3631 316 iR EURAE I 4E | ange 2 A 2 FR .,
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Fig.1 Pest categories in training set
BRI Data resource : GitHub-xpwu95/1P102:1P102; A large-scale benchmark dataset for insect pest recognition.

F2 MKEERE
Table 2 Details of test set

% [T IR REA H brag [araT i IR REA HoR
Labels Label name Number of samples Labels Label name Number of samples
0 TEHYEMIE Rice leaf roller 43 4 FEFFIE Rice stemfly 40
1 FEM B A Rice leaf caterpillar 36 5 FEKZH Rice water weevil 39
2 WIMFEIE Asiatic rice borer 36 6 FEM I Rice Leafhopper 45
3 FEJIY Rice gall midge 37 7 FE&LH Rice shell pest 40

T ek 4 Fe - i Fei g
2 MiKEAES
Fig. 2 Pest categories in test set
1.2 [REIW L
FEF e ) AR Snell 4120 2017 42 H —Ff A M 4% | 3£ 7E Omniglot A1 MinilmageNet 504 45 F i f7
TIREEIN, G EF AN 3 B, — ik 224x224x64 [ F ik AR A BICHEATRAIE SR IR, 225 4 2%
TSt AR AR Sy 28X 2864 (14 JF A [h] 4
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Fig. 3 Original prototype network
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Fig.4 VGG-ML network structure
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Fig.5 VGG16 Network structure diagram
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WA THAZENIMER (230(3) ) o WlEl 6 Fron, &k X g T 83 2K,
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Fig. 6 Measurement unit

1.4 {IEINE

fifi 2855 4 Inter(R) Xeon (R) W-2123 CPU@ 3.6GHz, 16GB RAM,NVIDIA GeForce GTX 1080 GPU,
8GB Video Memory, 3 {F¥3% A CUDA Toolkit 10.1, CUDNN 10.1, Windows 10 64bit, Python 3.7, Tensorflow
2.4.0,
1.5 HIEmALE

h TIPSR R B RS AR E s AR RIS, 1 e xR A T R A RS AT T B R
FEA MR I RAF G — b By 224%224 , #R ] 90° x4 i HLE e LI 3G s Eidls , %Il ZR4E vh 43 5K KR RGB i
B AR R AELIR 2 VI SR GO D 188 AR R M, e W B i TE R R AT 0 — R Ab
1.6 HEIZ

BRI ZRAE T oe25 > B AR A LRI 250585 B — DN 55 R 00 s T4 JetE 55, B et 55
BI85y SRR S A AR A SRR A S NV RO, B AR A M A FEAS DI BT 55 1055 O N-way |
M-shot {5 , BRI Zrid BEANIE 7 B, 435SR 5-way  1-shot 55 S-way \S-shot IXEAHEA TR (I 2k 5
K], b 5-way | 1-shot 155, PR 80 5K R VRN IINZRAE R 48 U AT 55 P BEALIE I 5 28l g2k 1
SR AR SRR R AE AR i 4 5 5-way \5-shot 1030 1, BEHX 100 5K B 7 R 2R B4 I 2R AT 55
BEPLEEHR 5 28l B R 528 5 5K R MR S 4, HORAE A iy 4R BERR T Adam 6 B2 R 581k
IR WG 2T ABN V=107, SR B 8O 08 B, = 0.9, 4T £, = 107, YIZREEEIKREL 1 =
20 000, 2% FH 5 X5 et < pR AR ( negative logarithmic loss function)
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Fig. 7 Training process

1.7 #HEER

FE TR PP SR FHUE AR >R ( Accuracy ) 6K ( Precision) 4 B8 ( Recall ) \ At 42 >% ( F1-Score ) 4 W5 45 .

YR AN TN LB A 25 2R 5 RS Y O], RS B 32 7R PN IEAREAR 3 SE PR IEREAS Y Lo A1), A Il 302 A E AR A

HR R TN S TEREAS BUREAR F1-Score [A] I 25 JERS B 3 A0 A 01 38, HaHR I A =0 (4) —(7)
TP+TN

Accuracy=———"—"—— (4)
TP+TN+FP+FN
TP
Precition=——— (5)
TP+FP
TP

Recall = (6)

TP+FN

2PR
(7)

F1-Score=
P+R
K. TP A HIWT IEE A IEREAS ; TV R T IE B 1 SRR AS PP R IS 2 1 SRR AR 5 FIV A 40 BT 58 1) TE A
AP R WAEFRE Al
2 H#RE5HH

21 RWER
B E LG IR 2% 5 VCG-ML JFR 7Y R 2 75 [R) AL 1 AR S5 I 2R A E AT 5-way | 1-shot 55 5-way . 5-shot it
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5 45 RINEE 3 iR, JRIAJE AR R 2% S-way | 1-shot SR AER RN 64.45% ,5-way ., 5-shot - 35T 51| i1
FHT7.11%, VCG-ML JERIM 4% 5-way | 1-shot - B HER K 67.98% , 5-way  5-shot -2 15 F1] i 6 K
4 81.51% , I W, VGG-ML X} Fitx A FRIT A ek HAG BH B | ELAAR SR 30k I 285 6 1R e 23 1 o5 A G
o X 2 AL A B, 5-way \5-shot MCIHUIIAERG %0k B 53k /5 T S-way | 1-shot, 7] WLFE S5, B 2o
AR P 5 T U T e 2T 45
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Table 3 Comparison of model recognition accuracy %
U HERR Z Recognition accuracy
E}%%ﬁi JEUR A/ 2% Original prototype network VGG-ML JF# M4 VGG-ML prototype network
5-way . 1-shot S-way ,5-shot S-way , 1-shot 5-way ,5-shot

FEY LR Rice leaf roller 58.92 72.70 62.52 76.37
T 1 Rice leaf caterpillar 61.44 71.81 64.32 77.74
W FEIEL Asiatic rice borer 60.39 72.55 64.79 76.16
FEBLL Rice gall midge 65.81 79.41 70.07 83.67
FEFTUE Rice stemfly 67.49 80.25 69.11 85.79
FEK L H Rice water weevil 71.62 83.79 73.69 87.85
FE -1 Rice Leafhopper 65.79 82.57 70.06 86.64
FEALH Rice shell pest 64.17 73.84 69.28 77.91
S Average 64.45 77.12 67.98 81.52

MK 8 F i, 7E Sway , 1-shot 45, 7EREAZEACE I VGG-ML 34 5 L3 78 Sway ,5-shot 40 1, 7E %
FRATT S Do 1 Do T ) 4% 0 3 = T VGG-ML 4%, ZER AR 15 SR R G B R 4% (5 A — P, 30 4o R
VGG-ML R 281 AR IR T W45 e AR 45 Fo A2 47 i) VGG-ML HERR R 8 TAae , 1 B 4R T 7Y &) 265 D)
16 35 S ER R A LR TF . HIE S VGG-ML SR HEHME SR ELAE ) B3R 1Y VGG16 1R Mk ABRIT
AR, HT VCG16 FAVE UG FA M 2 i AFRICHE i 4, iX #1415 VGG-ML 7EII 2R AL S50 &, IAIA] 8
AL UL, 7E N-way  M-shot i35 1,4 % M2 26 pR A ZERERIE AR 35 0 22 47 B AR AR P 2 0 It i 85, Horp
VGG-ML 5-way 5-shot PSSR ST, FoUR 0 T 46 R 780 I 25 5-way | 5-shot , R 5 22 1) 4y JL R Ji 76 99 2%
5-way . 1-shot, AI UL VGG-ML BT IR 4R AR 2% | (H R4 S[R3 BH S R4 vp AR I RE AR 1) B Xof
THRAT B,
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Fig. 8 Comparison of accuracy and loss function

2.2 XFEbikIg

AT HAE VGG-ML BRI KL% K VGG-ML #5751 5 Cosine classifier . RENet, DeepEMD = 4~/NEE AR
BRI 75T, & BH F1-Score \Recall | Precision 7£ VGG-ML SRS AL, 8% 2] & — Pl 1H A1
PUE RS 2B ARG , WHERRRERE bt n] LG AR B A8 /2 B (R, Ol 1 X L VGG-ML 518827~ 1Y
225, 111 WPHRIIZREE X VCG16 55 ResNet50" W4T I 25, T3 1.1.2 715 T/ 0 03 42 1k
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Table 4 Comparison with baseline model recognition %

AR Model F1-score Recall Precision FEH Model F1-score Recall Precision
Cosine classifier?! 70.12 70.01 70.23 VGG_ML(ours) 82.84 82.33 83.35
RENet!??) 75.10 71.33 79.30 VGG16(iTH2) 57.25 62.44 52.86
DeepEMD**] 77.43 82.15 73.22 ResNetS0(iTF##2] ) 59.91 65.01 55.57

M 4 AL LT E R 2 Y VGG16 FT ResNet50 W 25 75 itk R L T R85 A A AT B0 T A /VEE
AANy L E R ) B SCRIEARTEAR A2 VCG-ML JR 8 R 254 B WAL # ., M IE 9 Y 5-way . 5-shot
VGG-ML EAIFT ResNet50 17527 2] i S0 TR VA H R 73 T A5 F | ResNet50 i 7% 2% ) X B Fh S R AS A7 45
LIS R, VCG-ML J 75 [0 25 D] 5 25 1 45 A 28 30 () 43 2K0KG B2, 0 B 7 At R/ INBE S L ) P, 36 43 25 )
i, VGG-ML JR WA T 1T R4~

ResBet50iF 52> VGG ML
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Fig. 9 Comparison of confusion matrix
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SRAEO ARG AEAS I () 25 SRR AR AE S B A I LT SR G 20 (5 U ST AR o] 4 1 )
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