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Abstract

China is one of the largest agricultural countries in the world, and insect pest is a major problem
faced by agricultural development, and accurate identification of insect species is an important
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basis for forecasting insect pests and controlling them. In the past, traditional artificial pest iden-
tification methods were inefficient and difficult to meet the requirements of pest control. With the
progress of science and technology, automatic pest identification technology is widely used in
agricultural practice. In this context, this paper explores the research progress and development
of automatic pest identification technology based on deep learning in recent years, summarizes
and compares the similarities and differences of relevant research methods and the innovation of
relevant algorithms, as well as the recognition effect in different data sets. Finally, the problems
and challenges faced by deep learning in this field are discussed, and it is concluded that the focus
of future research is to establish a comprehensive pest identification technology system, and com-
bine relevant neural networks with optimization algorithms to improve the accuracy of pest iden-
tification. This paper can provide a reference for further research on automatic identification
technology of field pests based on deep learning.

Keywords

Machine Learning, Identification of Field Pests, Automatic Identification Technology

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

MR NFRE LW EAFZA, B—UVERE EAE. R E, Rl 3 5 2 1) Jehl
Pz —, 5B S SR . MREEAEY R EER R My hF. Bk, ##47% 2
BRBTIE TAEZIAS . Horr, HE4T HIA) T duiy B 3R e gl R 25 H A 205 3 A 8 HE
o TR UM IR 5 A BRI SRR S HE TN A BR At . AEAR G AROE T i AR, AN LRy
e EE IR, (HIXMKEE N ME ST IEAFAEE Z W0, makm . AJ). HELRENR. AR
HESE,

M 2003 A2, B I 86K A 32 FE R &=L (Support Vector Machine, SVM) . K 57T 4 (k-Nearest
Neighbor, KNN)73 285737, AdaBoost 55 507255 5 AL Ge bl 8% 2 > I SRR H AR 3 1], B B,
B TEASR T 5 2] 1 N LR AR, T EARRES R FERIEES. Kb BREHEA
IR SR IASE e v, Pt DALE SEBR H RS U Hh B B vEAN &1, 2 ARBE T 22, TGi3RIGAF R 54 [2].

AR, FETIRFE S 2] M E BRI A . RIHIRFE 22 13RI AT Re 71, S8 A ITF AR AE 73 i Al
WU SET7 TR AL 7 I BE AT A o« TR BE 2 2] (0 R D7 vk 8 3018 RS2 HURFAE, IR A
FEIRN TAE SNSRI (1], R 5T AR ISR Ui AR A AR o TR 2 S I AT 58 O 35 R
ABERE S T TR, WO H R SR IN A R FE BT e TAEFT R T RS AR . AR SO T AR
RIETIRFE 22 I3 R E AR AT TR g5 thie,  DUBON G 400t 705 R I ke B JkAitl
2. MRERMIE

AR, BEERES P KR, FETIRE I — R F R RE AR MBS KR, EFHN 1L
TERAZHIE FET7 ) (RO FERERE 43375 v [ 0 W A 2% - 5 F1 ScienceDirect 16: %% &5 % 2010~2023 4 i) A 5K
TGN 7 SRR BE 27 2] 1 3 Bl Ul 77 1] IR AR RO B AT R R, IR BT8R S S A OGR4

Hor, EEMERAA(FE% = (FREDI)*ORES] + HLa5 1)) AND (KR H) Between
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(‘2010°, ©2023%)), SiitghFanlEl 1 Fras; Science Direct £ % 20 4 (pest identification AND deep learning) OR
(pest identification AND machine learning) AND (2010~2023), 4iit-45 58Uk 2 frox.

£ 2010~2023 (8] [E AN LA ARG LT 124 f, ScienceDirect V- & S MG L 2956 fs,
K AE 2010~2015 SEHAERFAERLIR/KT, 2016 F Moy . i —Ak ke, RN 1R R e
#2016 FHARANN T REMICE. X —FH], AlphaGo GFIEZ=tH A RN N T8 fe ) B2 4R [3],
HAZOHARRE 22 2] 2 B)NATR T2 I IT, B TR BE 5 20 03 B AR SR Uk R =
FEMSE TR G T iR EES .
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Figure 2. Number of papers on Science Direct
[# 2. Science Direct {3 # =

3. ETREFIMNERIAFNEAR

TR FE 2 21 (DL) FHE & B 5 /& 2006 4F 1 Hinton %5 A\ [4]7E Science _F & % 1) Reducing the Dimensionality
of Data with Neural Networks” SCEH T, FEEHGE T Tl FURI SR S AU IR I . IR 5 5 > sl
—E WG TTE RN GRFEARLSE, ISR 53 A ERIIR LN 28 S5 R L8 7 I B . IR %
SR IEEIS R, BEBEMBRZ —URiEl T2 BB EARIA . R ORGP
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J5E 24 ) PR LR AR TR AT VR T 1 i 2% (DAE) . B AR A2 [ 4% (CNIN) A% . 7E LAt b ok FR I 3 TR FE 24 ST 11 H b
KR RSy AW 1) T Xk i B ARG J7v2:: 40 Faster R-CNN 25, 2) JET (81U 1 H brks
M54, 1 YOLO &k, SSD sk, W 3 fix.
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Figure 3. Structural framework

[ 3. ZEHIHESR

FOCK BRI R 2 BT R T ) E il 22k 45 . DL YOLOVS Afilf) YOLO 5i%. SSD H
PRI . Faster R-CNN S TLJ7 O IR BRI R I BEAT /2o o T BB 4 I 2% £ 5 HLifUal)
Jilal LR BT, TR 2 3R TR 2 RN 5 IR T IR — A 2 [5], MU AE SRR
2577 TH B R T U

3.1. ETEREHENHEME

LA W 4% (CNN)J& — A & BT H B A IR S5 F I T il 22 W 2% (Feed forward Neural Net-
works), JEIRE AR RERREM WK G2 —. BEEGRMEMEE CdR R, 78R 5
AEANR iR iy, B R 3103 SR R, IR R R S K B AT 2 —[5]. CNIN HI N
B BRRE R )RR, ot BANZE AT DA 2 4E . BRI BT
REAESE IR Ak ZXTRHAE AT A s A 3, DB s AR BRI R E AT IR 2R
PEHG AR W EH TR g R 2w 4 fos.

BN e o _ il
REETEA) BHUR R AR A2 )

Figure 4. Convolution operation flow chart
4. ERTHRIEE

PEREAF[6] B0 AR T de BP0 IR, I\ T BT BRI W 2 1 B U0 777, KIREE R4 14
P AL B AR, RS0 7 THI % 97.61%; Wen ZE[714 t—FhJE T B AP A N 28 1) B ) 4 i 23151,
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Xt 9 A IA] B R BEAT IR, R IL 98.1%. 2T ANSE[81H 0 KRR AL R el AL, BEit T —A> 10 JRHE
BRI 28R, 25 R R 2 R AR KRS T R 77 T A ARG I LT IR A S itk
F N R XS T R LA 3 00 8 R 2 ) 28 R SRR A SR AT R B A, Al 5 TR .

— AlexNett& 7l
2 AR Y — ResNett%i %
—— EfficientNeti%
ETHBREH
PR e 228 P 4%
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Figure 5. Structural framework
B 5. £5H9HESR
3.11. GREFMEMEIER

1) AlexNet HE %I

AlexNet #2&H1 Alex #&H ) — P& i B2 M 45 [9]. AlexNet U5 5 ZEME. 3 EHLER 3
R . HREREZ AlexNet k%0, HITHRBUFIE: ik )Z 0] AR RHIERE BRI RN, SEHly
TEREYE; AEER R AT DLRES 5 HA R IR Jm s B, 31 REH . AESE[10]5 R FH Alexnet 15
RUSF o L TR AR S AT BRI, kAR EOA R 1000 B, IEFAZRIAE] 97.62%; H/MEEE[11]
Pt T — PR T SO AlexNet 25 FRBHEE I 2% (1) BORUAIBRY,  LBRIEA BRI R — 4=, R
AT RN T 1.96%.

2) ResNet #& %!

Bk ZE P2 9 2% (ResNet) & 15K H Microsoft Research f22# 42 HY ) — PG AR A I 48 A5 R . 0@ il M
BAEANEFR RS, LRI 2% 225 S N 1 2 B ik 22, AR IR — NS R )
AN, BT RO TR Y SR 1) . SRR S (2] % KR R 5 AR DA R A ZE
KREFRE, Bt 7T — N ZE MR LW-ResNet, ZBRE R BRI EE PR, RATCHE
2R, SEEL TR R A . s S (3] H P T e Ak 2 I £ A R F K R T R T
W HEM 28 ik N\ ResNet BB A, ARG A, =75 7R RER .

3) EfficientNet %!

EfficientNet A5 74 2 i 4 5 50 #4205 AU (MB Conv) HE 2 117 B, I8 i 4 (1) 4 ey R A0 P ek s 4
VAL ARYE R RHE IF) B, DAL OB TE 20 1) 4 R, BT 2 B AL AT AR AR AR e . TR
BREE[14152 T — Rl R T B IS EfficientNe B EAKFE E IR 7745, MBER . 2= [E AP
HrFE B R R EUER BRI SCHRHIE, 1207 VEE/KAE S WL 3 2 48 b iRl HEff %2 14 5] 95.63%.

3.1.2. ERMEME BB IL

1) ZREFHEMLEE
FEEARIPL L5 (CNN) 38 W 75 22 A\ R/ E 9 B R b AT Zemniilate. BRIk, X TR A— 1
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KR, REZE—RIEEELA NG —IRSE, (XA S B R ARSI (RS BE[15]. 1M “ 25 (A 4
ik ” (Spatial Pyramid Pooling, SPP)&.i%, A UIFEGRZMAERZ 2 BN —MNMBLZE, (TR
{10 IR A0 Fie 8 2 i 1 ] 58 RK/NRRRAGE 1) B, TS R R AT 0 B BT 4 TR S A B4 . DR, 5 R
P A BORIE F B S SE (161 H 3 Ea 7 H MR BRRHME @, KA RGBS FETE P2,
JRJZ, i JER 5 4 A/ NEBIL 16 AN/NEBIAT 64 AT EIGH, FEHRASZ IRFIE R & .
FEXS FAE G718, %28 (A& - B A 7 v o] A~ 350 1R kS P 2 = 9.5%

2) WEIIVLHI

RIS — Fh RS SR AL EE BRI EEE BT R BN, WAL AR TE 2 4
RAET IR AR IR RHE 38 73, AR5 e S0 4 1) M F X Lo e i Bead i 8B 6L, ASR e IR RS B A
P . PMIS[L7 M 3 i AL G B 2 W A Y, SR HAA =2 RS I = 1B s & W 4%
A, SR A B ERHE . AT LU RPN K g AR . FEAT AR R SRR LT, IR
FIHLHEI BTN N 2 AH L TS5BS R & 2%, RIERR SR 42 5 T 6.53%.

3) Adam AL EB:

Adam J&—Fi ] DL AL i BEAUEE FE T B I A2 00— BI040 SR, e R 2 T I 2R B 16 AR kb B 42 1Y)
25 BUE . Adam BVEFME L BEHLER FE T BEANR] . BENLEEBE T B OR 75— (1% S R T A AR, 522
RN R IR AL T Adam 23 A F RSO RAL ) B & NV ) 2%, AR 2 2) BER .
H IS [18 AN B I RIS ST B, d2 ) Adam TRAL B E o 2 50E T DURUE R — IIEAR 2 2] 23 A 1
SEVEI, AT TR R S H0 B8, (RIS PR

3.2. ETHHRRILE B MMM

M AR [L9] A& I A SRAR 5 AR BT 2G5 U — NI Fe s, SR G5 5 RoR Tk iy g - 12
R, w2 K S [20] e S Mg o FBAR SN T AR sk, HA 35 SR U SRR ARG R AR R, T
SRAR AL ] B ST SR IR A RORR R 0, JF e & SeBL T B R0 . IR, MRS
ZAPBRAIE 6 PR

SR BT S [ 2118 WA R s RN B, AR5 S5 BUREAS (R OR A S i v 4L, 1 AL PR 3RAS- T
BUREAR RO R ARYE M B R BIEAT 20 W o S0 4 SRR %M B R R SAAE X 3 B EHGR) EA
IREF AR o W FE SF (1614 H 1 — ik i o 4 14 35 s BRI ik o Al i S P R B AR AR E
HAR BB IE Se % 7 3, AR Z 7 I SE B R I 2 S AR R . KRR, S1ES7 %M
LB, A AR T 2R B AE 3R i 14.1%.

BRI Gkt A FRARHEIRE
@@%m Sl it 52 4 7
Wekk. 0. SRR A RS
FHEL— R+ RFEHKEH
SRIRRE A R B
B 1T B RN

Figure 6. Sparse encoding steps
& 6. HERmAD LR
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3.3. YOLO B3

YOLO (You Only Look Once) [22]/& —Fr Btz Il (R 532, 22T HAM BAske il k. He,
YOLOV5 /& 2020 4 6 AW KAGTE Github LMFFIEINE, 1E&EARKRBL, WHARE ML N
https://github.com/ultralytics/yolov5. #11E 7 fiz, YOLOVS (1) M4% 45 #4145 3= 1 /1 4% (Backbone) . #i X 4%
(PANet) FI T X 2% (Detect) . =F I 4% 18 5 B RFAE PRI 2644 Fi, 32 B4 R AT EUR (S B AR 303 Y
25K H FPN + PAN [ 4544, 7] DLEATRFAIE IR 22 FRUBESRE T 10X 28 3 ok 35 Do) 6% 485 R0 R AIE ok H AmAsil
HBEAT HARRT G0 5 21800

PRHENRH —FEET YOLOVS Sk mKREE dUR s 77k, KA BN 5 YOLOVS Xf =41
SRR B K G H RGBT IS, LR RERM, ZMSBR GBS 2, 1 /T HiE
= U BE I ; BAR AR AR [ 23] 3 R34 YOLOVS W4 (1) H ARkG I 5 3K, 2S04 i ] T FPN
gER, BTZRHES R ZRHERLS, 1A i e T SRR FA B 2% RO M AN 5 4 X 4 1D 1)
A, AP YRS L 3 92.89%

BT 2% 4 U 2% o TR
(Backbone) (PANet) (Detect)

Figure 7. Main network structure of YOLO algorithm
B 7. YOLO B ZEMLELEH

3.4. SSD BF#ME %

SSD [24]/2 Wei Liu £ 2016 42 th i) — ik T B ) H AR L, 23R8 5 =) vh 2RI B bR
RHESL 2 — . SSD i F VGG-16 & T M £ BT RESEEL, HI2E 6. 56 7 BRZ A VGG16 ik )z,
FHAE VGG16 ML R i 1 JLANBE SR, H T R BERIRHER] . 5 YOLO #I Faster-R CNN
RFESE, SSD KM 7RG B S5 My BEAT A I, RIVAS ISR FH 2 22 2R IR, 70 T 799 2SR P 2 B
JEFRHEREATRI . SSD HARK R R R AR an 5] 8 Frow .

HGZAE[25]2E T SSD BETF R TR X AN B TE R ELEGCRE R &, AR BUNART 528
RRCHR ANk /N I 55 40 1) 5 A A [0V PRI RS A 1k R I b 5t 7 3K, ISR A B A8 N 81.36% TR 3 . 4%
FUEE[26) 500 H AT /KRG H SRR BEAS s 1), B —FhRE T SSD WER A (IR 7%,  FAFAE 6 7
¥ SSD JF A 12 RIEEFER, RAAA— L GN)BEATHAIIZ:, E4H%H/ N B AR RS B3RS T 8HE
K

[ mmmm || [#Evecaem| || ; -
AR VGG-163] P aEEEA : g 5&5’%3’1-*”%%%& §—> s g5
Conv5-3)2 E BRE E 72 H

Figure 8. Main process of SSD algorithm
[E 8. SSD AT ERTZ

3.5. FasterR-CNN B #r#& & 5%

2015 4F, Bl 5K Shaoqging Ren 28 A& H T —Fh 2. 7E R-CNN HEZAYF0 Fast R-CNN %Y | ) Faster
R-CNN H brsili #5254 [27]. Faster R-CNN /& & T DX Ig i) B ARRT I GEE, kil B AR 20 BB BEAT
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DR R B B B ARSI B9 o HLAS I (i A B 1) 9 B s 1 2ok ok TR A N BB A 2 X 45 v
BEESAE RS, FMAE] RPN ZH, FIF Softmax 2r 2588 A& T 81 S 2 T 5, AR 00 dt iUiE
(proposals); 7t Roi Pooling ZU AR N FIRHIE EE R, R G FEHUX LeE B I EATIE N A2 N 45
KT 4 SRR B TR .

Wi 7 S [ 28170 F A A 3 du iR ) v, SR Faster R-CNN S92 Ui 48 21 £ 2038 7K &1 F7 #E4T H bRk
I, Fie I U A5 A 12 Sk B A ] ResNet-50 W9 28 A5 A5 #4750 15 % [29] 4 1 B&AIF Faster R-CNN
BTG A /K REKT 5 2 AR, L VGG-16 F1 ResNet-101 SA=E T R4 43 ISR T A H ARG A7,
SZIGAIF B8 A ResNet-101 1 4 3T 2% 1) Faster R-CNN - H Az AR 7Y xof 7K R AT 175 25 dh o il 0 S A e
P2 HER AL ) 90.1%.

X I A AR B IR U
(RPN) (Proposal)
PN . Rol#ifk 2
BGMA [ BRMZE% —  ER (Relponimgy [ #%ER

Figure 9. Faster R-CNN target detection algorithm flow
[#] 9. Faster R-CNN B frt&NE LR IE

4. BIREK
4.1. BUREIRI

FEVRPESE ST, PRI ZRIE H 5 2 80H e KAa 48, SRS Bl e IRBIAHE. shz it
MR A5 . B AR ORI £ B =2 SRR AR 10), —REANTHERGA 11), —
FRRPMERL B AR 12). SR, ALl E AU, T RIRAIR G, ER B R RCOK,
PRI ATT B G EE G o 3 IR AUEGE 4 o0 B IR i K I s B2 2019 4 1 Wu 55 A A ) 1P102
HARAE[30], ZBARER S T 75,000 FKFERFEAR, JLPHERE T AT LKE BRESE . ARSORR S 13 R
WU ER SR AORIBOT 30 AR RS 5 AT A9, Wik 1 Pow

Table 1. How to get the dataset
= 1 BUREREAR

RT3 HpE AR Xof N2 SR
NLInH% 500~5000 [5], [13], [23], [24], [32]
gk B ERAE 500~5000 [11. [2], [3]. [7], [91. [14], [29]
ARG 100~10,000 [13], [23], [24], [32]

4.2. BHEEY 7

DA AT, SR — R AR AL EGBIR R s =, R R H — ey 707, W
PR AR RSN el . BRILAR M. WS H Bl DL R S P A T S A T 78 kel B3 K HE SR B
(1o R[N T 3 MK B br 3 IR 72 A0 RE 71, XHUISREEREAT T 0 3 5 o SR 38 st b
KB NSRS IGERATY 7R, WA 13 for.
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Figure 10. Examples of manually taken pictures

10. AT 3RBE A/ RHBI31)

Figure 11. Examples of camera or industrial camera
independent acquisition

11, &L T ARHL B REERAI[32)
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Figure 12. Examples of common data sets
B 12. RHBERERGI[33]

s

\

B X EL B EREE LRI

Figure 13. Dataset expansion

E 13. #IBRET 7T

5. R 5RE

F B R AT FE R E A K E SR 0 AAAE BALRERE . 28T SURBIHOR H R,
M BN AR AZ T AL a5 R0 5 10 e A2, (H R 58 4 il PN T8 R AT 35 SRR T A B O % B
e T HEAT BTN AOH SR B E R IT, B AEREE S 2] . AL BRI L I 2% 4 7 77 1]
EHAT TR R 5 S . A SCRITAFR R TR B 2T 10 BURBIBOREEAT T IRghia s, vl 7 iz
FHRUREA R e I RE VA L 38 03 “ 8 AEAH R T T IO 7T, FF s 7 A IS R S L

MASCH BTSRRI TRERE , B D 80 T I —F7 AT 7 2 4E 7T, (B3R — U8 i
AL AR © sOEER T BEICEREREGEGEE; © A KRHERIE T
RIBFL G 2R 6, VEREVIH AL @ IRIE % I KR FARFEA 2 R TAE L3Rk 5 AL
@ HEFASIMEARTT I, ATRHARFEA R, BRI R . FERREIBT T, WERAER IR L 2T 10
HRMAEM g SR A R R, RIS IR, KO R, iy B it
HEZPERE I, BRI ML, HESIIRERLFE JORAKTE B Rk

B, KRB AT B3R TEREE S 2 0 F R E Sh R BOR M AL TRV B, BHEESAN T TBRA
T2 EIRE S, HEE RN A K BRI G AP AE R BRI & . AW AP, IR
HA BRI/ 5 AENME, EARRA B3 B AR Sl FR k-

ESWE
ASCAREN B2 51 HEN A FHIE 2 (A NI 25 7(2021) 18 SO
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