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Research progress on image-based insect target detection
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Abstract: Species identification and counting is an important content of target detection of
insects in the field, which is of great significance to the monitoring, early warning and scientific
prevention and control of pests. Traditional methods for identifying and counting insect species
were inefficient and struggled to address the diverse range of insects encountered in the field,
falling short of the demands of intelligent agriculture for effective pest management. However,
with the rapid development of computer and internet technology, insect target detection methods
have evolved to become increasingly intelligent and precise. In recent years, image-based insect

target detection has become the primary technical approach for insect species identification and
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counting both domestically and internationally. This paper reviews the feature extraction
techniques and classifiers of traditional target detection algorithms. Furthermore, it describes
anchor based deep learning object detection models, such as YOLO (You only look once) series,
SSD (Single shot multibox detector) series. Additionally, the paper introduces anchor free deep
learning object detection models, such as the CornerNet series. Lastly, it discusses the prevalent
challenges and future research directions in the realm of image-based insect target detection.

Key words: Insects; target detection; image recognition; count; detection model

ARk, FEARML R dUR AT H R, F RN SN AR AR PRI 22 4 1) B R 3R
(Xueral, 2022) . #EAEEG I, EREFEH 20%~40%H R E LKA, SR & HAEY)
FEE A E RN (Ahmad eral., 2022) o B T IERAEYIRG™, B RAE S FECL™ W
B, PAEREYIR, #EmHE NG ERES e (BEESE, 2023) o W THEYRY
LA S, B e R T IR PR S B2 20 2L, A4 5% AR T 2 e 1R ) B e
PRI Kt B4R B dUR AR R . R R U R ZEN TR, EMREL TENFEN R
LU0 A B AH R AR R S % B RN R IR gt B AU BB R (kS 201D . H
BT UE AR M R Y K, REEAEREY K, RAEMEEME SR, ARG
BOPEAUA R SER . 573050, RBERAK, 1 B o LI 2 2 i e 5 T T
fI7i K (Hoye etal., 2021) o HARKAE Sy b A JE ) TH LR E R 2 —, 5
FERGL BRG], BREEERER TR, HroR HEGRSEAT &R ®ae. 1

ARSCLEIR T HET MG B e H An ks I 7 R K BRI A R R DR, LU T FIRH
PRASTI I VE R AR S5, BRI T AR 1) R R R T ), B AR A S R A 5 At
(-3
1 ETEGHER BRGNS RS

BT BRI B EARA IS e R % BURRa, nhsd BOssErL. #an s st
L[k TR et e tN LS R 2 B o 1R i s NN S E S HE 527 NN S w27 I 2 e o e 2
PR MBS BN, BRI IR MG GRITHESE, 2003, 2006) o ANEFIHEFN
G G 5t e R AR AT B AR, (B —8E00 T, SRR fR s B
GRS G TR . B BRAE SR A AL BR N S5 Boss (R &4, 2015).
FEX G FE A, 3 AR I A W e, R RS B W
2 BfremEE

H AR S R SR 24 T2 T 20 R4, HH B2 38 B TS BOGEE) B R %,
SR JE TE B BT 8 BT b7 B RIBT JE 2K AR TR (B, 2021) o HRJERTLAS A
A (B 1D 2 1) 1998 4% 2012 - 8 T-HLE8% 2 (Machine learning, ML) &%t
H AR AR s 2) 2012 R A NEETIRIE S >] (Deep learning, DL) [ H bt il 5
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Fig. 1 Development timeline of mainstream algorithms for target detection
e O T ARACRE TP ) S B AR SR, 0O AR TR 2 ST 10 B AR I 557% . Note: The blue font
represented traditional target detection algorithms based on machine learning, while the red font represented target detection algorithms

based on deep learning.
2.1 fREHBARENEE

A28 () F ARAS I S92 3 A0 45 A PR AE SR BB I H ARAFAE TR H AR, B0 K
FAIESRMUEOR S 70 M Es &, R B AR fEx 2. BARRIRHESR IUBOR 5 70 43

R 1R
x1 REEFENEELD
Table 1 Summary of traditional target detection algorithms
HEH BT R 2%t
Algorithm
. Algorithms Application characteristics References
categories
FRAEFR I RPBEARASRFAE TRFEXS B AR BB R | e Mise A, 2B TRINAM R R 2 E  Lowe, 2004
HA Scale-invariant % R ) JR) BB AAE
Feature feature transform, Maintain invariance to the scale, rotation, and brightness of the target images,
extraction SIFT primarily used for detecting and describing local features in insect images.
techniques 4k B v - B Svd: JEF Haar FF{EAT Adaboost 432845, 2 H TR0 B B 1) Ja) B4R AE Viola and
Viola-Jones, VI Based on Haar features and Adaboost classifier, mainly used for detecting Jones, 2004
local features of insects.
77 T E L F T 4RI e P B A8 7 1) L7 TR A Dalal and
Histogram of oriented  used for extracting HOG features from insect images. Triggs, 2005
gradients, HOG
AIAR TR AR T % B8 H AR RSN KA TR R Forsyth, 2014
Deformable parts Consider the individual components of the target object as well as their
model, DPM interrelationships.
7R SRR AL JE T A MR I S0E, BAREEAT —ou i, RN R Rtk Corinna and
Classifiers  Support vector F) S sk 43 SRR A ST ) b LA L AT Vapnik, 1995
machine, SVM Belonging to supervised learning algorithms and performs binary



classification on data. It exhibits excellent performance in addressing issues
such as small sample size, nonlinear insect classification, and prediction of

insect occurrence.

N T APE X 2% J& T B I 55 I U KA BB M S e 2 M BB SR 455, 2010
Artificial neural ANBKME RGP EIREWADIRE: BA —E BIENERST FATHAN R
network, ANN AL,

Belonging to supervised learning algorithms. It simulates the complex

structure and function of the human brain's nervous system by changing the

weights between a large number of interconnected neurons, and possesses

adaptive capabilities, parallelism, and a high fault tolerance.
TR BT A NS RO SO M B SORAR SN HERA PR ROk =
Decision tree, DT BEB ) LRI, B PIUR A RN 5, IR EUE RURE: FERASGRE @, 2003

AEE TR R R AN R i H bR 5

Belonging to supervised learning algorithms. It performs hierarchical

clustering upwards based on the degree of similarity between known

"terminal" and various "branch" sample category data, forming a "parent

node" at each level and selecting effective features. Based these features, it

categorizes the targets in the entire image from top to bottom.

RH J& T Tl & SISk RSP MR AR AN, ARYE B FRRHEMARL  RiesE, 2023
Clustering FEEERIX 432 20

Belonging to unsupervised learning algorithms. The classes to be divided by
clustering are unknown, and multiple categories are distinguished based on the

similarity of the target features.

IR BT M SRR R E G ARG RE B EHESE FR A
Connected component  F2H i [X 35 o 3043 M /& 48 72 UG b SR A BRIt &, 2021
analysis FHpRd kR

Belonging to unsupervised learning algorithms. A connected component refers
to a region in an image composed of pixels with the same pixel value and
adjacent positions. Connected component analysis is the process of identifying

and labeling mutually independent connected components in an image.

2.1.1  FHERECAR

REAESR LR BT B B TR A RRAE, N NI BB SRALAS 5 21 (1 B URRAE, 73
FAIFRIE AR AR . FEEF R R R HBE W TN 1 b7 B BURHAE, AR
REAELE T4 B AR s BT B L 5 H AR B R X 3 55 SR F N B0 H IR RAAE ST 4
JESLHRIX Sk b B A AR AR A = (DR HEGE, 2018)

H A, B AR 75 ZEHR E R AE 5 B0 4 R R MR AN = SR A GRS A ik 7, 2018
Hrb, SRR FEARESIE (X555, 2008) « A (K474, 2008; Wen and Guyer,
2012) FIGHE (Wen et al., 2009) %5 J&EREAE A FRFAE SR IR AR AT IREL . 51201, Wen
2 (2009) FIFH R EAASHFAEAS # (Scale-invariant feature transform, SIFT) kiR B b
BRI JRERRFE, R0t T 6 Py R8s 52 M4 &, Sel T S 3 o) B 2 il 5 4 26
Yao % (2014) J:FJ7HBEEE I (Histogram of oriented gradients, HOG) 4%, T X} #%
KA T = EANES: Liu %5 (2016) ] HOG 454 70 KA g vr 1 W duiR A Ay
17 (2017) K m] A F 3457 (Deformable part models, DPM) %5 A FFAEFEE Oxya



chinensis IR, SEBL T 7E K A 24 50 R IR BRI FE s
2.1.2 R

SRR MA TR, 7E GRS E o Fe X R AR A A5 B AT AL B S Ar, kT
BEATHEIR . AL SRR RS AR . B AT 3 EARYE R AR SR U AR SR E H R RFAE 1) 54
P, FERE N E SR R IE SR B AR SR E B HORAE ) iy 5 R T ARRAAE 1) )
Giit o Hn B R AT 4 SRt 2
2.1.2.1 SZFFAEML (Support vector machine, SVM)

R —5 (2017) KRH SVM FEAN [A] 4 A ALK Pl 74 ¥4 & H Dendrolimus superans
KA, FEE PSRBT R L, B SVM I FI0 e A R A SR ) H o A . B
B (2011 A B SVM 1 TS B Mythimna separata A8 W A B0 B PO R . R
B SVM 1RUFHuff e 1 AR 2R 43 2510 R, AH bl T 5 B B i R A e 22 43 2K 0], T SVM
HAeEh th —or RE0E, Bk, SVM 43 K23 1 H Anksr I 5 vE A Wr sk ANl Al CF i i 55
2009)

2122 ANTHEM% (Artificial neural network, ANN)

ANN TERE A GRS FH B 22 1) ) 465 2 1% 72 IR ) AR R 22 I 4% (Back propagation,
BP) (XIJ3#%%, 2007) . BP Z2HHAZE. FHZE (BEE) A28t seir 4%
BN B AL R 10 2 2 AT 45 . Karunakaran 55 (2004) FF BP #1425 W 45 1R 51 4 FR = s
(RINZERFRL, 3 JUERI R ML 86%. (T4 (2014) KA BP #4480 Mg € ALA A4
SERHEAT TR . S5 R EH, SRR EG, BP 4 10 2% Bt % BUAS 547 HO 0L A T 28R
2.1.2.3 RFEH (DT)

BRVTHESE (2003) DABUCETESFAEE N R0KAE, DL XWHIE R K8, SNE T2
H ¥ 40 Ff BLHSEAT 43028, A8 B Al B B0 B 1R RS S 0 1) B R RN 3 Rk 78 3] 40 Fol,
R A 97.5%. XIFENESE (2012) BT FORAF 205 FH MO E . R F B SR,
KA XM R, B R T ERRREFECWE R ARG, AR i B a0 R
FIRML T HORSHE, b T AR HE
2124 FH

FEME (2014) R K-means 73 #1455 1 BHLE D750 PUFED i 1 Fok B
Trialeurodes vaporariorum AT 4L, “TFRIHHRRHAAE 10% LU N, BEOS L BIUER 3. xIE
A (2015) KM K-means 73 & -6 B 4% 5506 HAR SIS, SEE0 T AR 3109 20 S8 8 LA R
X 93.95%1°F ¥R BIHERE S (Average accuracy, AA) . BUMIRREEZWH T ot &R
FIREBHAS KBRS TS IL (BSR4, 2005; BIHEE, 2009; XX, 2015) o FTHUH)
C Y% (Fuzzy C-means, FCM) 1 SVM XAV Bt 5 Kk 47 70 81, RERS IR 4
[P35 H B % (Average recall, AR) . “FHFEHHZ (Average precision, AP) Fl AA (FE7F:
T, 20210 o BRAREE (2018) FIFHEEAR 3R 0 I B AEE T2 2 BRI (Density-based
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spatial clustering of applications with noise, DBSCAN ) X} %% /N4t M W Empoasca onukii
Matsuda EHEHEAT X850 51, #0R T H AR FTEE X3RS i e AN e Bk
2.1.2.5 IR HT

KPR (2016) BT REBBAR T — MO AR dOrH 807, vk 7R HRURE B30 Ak ek
THBCANHERR I R R, T B 7 B R R dURh 28
22 ETREZFINERENEE

M 2012 SEFFAE, BEFEN 53 DLAR FE 2 2] B0 E 7 BARRr il o B TR s B R A
B, RIS 2 T RO T B B RS 4T B B T B (FAR R, 2023).
FI AT 32 B A0 5 2 SRR 24 3 T4 HE  (Anchor based) [RREAY, Bk X 38 b (6 H A
HEAT R BIANALE BV . T35 B R Two-stage H R, %1 RCNN (Region with
convolutional neural network, Xk FIHZ ML) R, X PARLE HFER A, (BRI
FEEw, k2l TR &5 (Girshick et al., 2014) o SR1, FESEhRM g, —i
LR DUAT: 45 10 A 75 AR AL R i J v e AN S o, 75 B (RIS P /K 1 [ e 42 7 3
FEIKF, R 2016 E LS A FH LA YOLO (You only look once) Z 41N 1) One-stage
B H FR AR HK R T Anchor IIBE, A/ HOWHE A (520, 2018 4F DL Jo R AE
(Anchor free) BEAIFFUEFEA AMTHIALEF (Law and Deng, 2018) . 3 2 fIZE 3 4 Bl 4H
T EARBRSER R PR A 8 ARSI SORUAH B SO R o

SRR PE, Anchor based HEAY A i THSE 1 € MUHHHE A R B R RS B s, S
& T2 BT Anchor free HURY IR A TE (& B (K 2% 284, $A T IS4
R 0% T PR VR ) RS I A, DRI S A TR AN ) DR AN B A ) ROBE 1) E A
2.2.1 Anchor based
2.2.1.1 Two stage

H AT bR e it H ) Two-stage #5761 $5 SPP-Net ( Spatial pyramid pooling networks,
] 4TI 4% ) . RCNN £ F1 FPN (Feature pyramid networks, FFE4: T3 M 45D
FI5E . kIS (2019) B&T SPPNet Mg T —/NRAEY) B dufp I %, Aol 2ok
IVEY) B O AP . O3l (2022) 7E RLBE dUF R BIAE R i\ T SPPNet 4544,
P T MG AE SRR I AR e e . 2R R 55 (2019) R Fast RCNN Wi i Hi 1
B HEREAT 43 FEAE AL, ST 5 Ml 3 3 du ity PRUs AERf AL 00, 15085 B2 216 (Mean average
precision, mAP) Hik 94.12%; 7T 12T 2o (1) Faster RCNN 0 28 KR 771 I TH B AR
T CPHENISE, 2022)  EAEFR (WETFE, 2019 « FKRFR GEFREEE, 2023) .
FEF ) SRR FEORY FOBR 3 Tl CTRARAASE, 2019 HEZR%E, 2021) PARAMRANRE REE Ak
Hyphantria cunea FIIEHU (B RHESE, 2020; BUE7ESE, 20200 , ABRILH T 8 s AR
JE. A (2023) 45iH FPN X MG E RPEATAN, K1 T 91.72%H) mAP LAL B = T
B, R T I I 2% X e RGN R — ) o SRS I B A AR I [ . VR DA 24 ) SOTA (State



of the art, g+ H ATHIA LR M HA, FPN /38] JIRZ it (Ghiasi er al., 2019;
Wang et al., 2019; Tan et al., 2020; Qiao et al., 2021) , J& N T HE w8 Flk WA 55 K5 B )
HEHFARZ —
2.2.1.2 One-stage

5 Two-stage #! A5[F], One-stage 158 784 75 G Pl ik B2 A AN 75 E 146 42 A% Region proposals,
11772 BT 5 H AR 2y AN B ARAR, ib5r 2R S M RN kAT, BT3RS e 4
AR, P AA PRI, HiE M T ahmin s, ERINRE I EL Two-stage 7Y
AP, AR R SR N R T A SRR S5 K PAARTHE Y ERE (Redmon ex al.,
2016) . H il ELE 22 8 H i) One-stage B4 {03 YOLO %741\ RetinaNet(Residual network,
Feature pyramid networks 5 Fully convolutional network fJZH & M 4%) . SSD (Single shot

multiBox detector) FRAZE,



2 ETHENBREMNERESTD
Table 2 Summary of Anchor based object detection models

s SRR S 5l P 5 Bk A 27 3k
Algorithm
. Algorithms Application characteristics and applicable scenarios Improvement References
categories
PR B E bR A B AL I 2% A KBRS AR UL G S, R EGREH, (R RUZMREE, EHTERGR  SIAZEETEBLE, B RZERTMRARRG, Jf Heeral, 2015
A Y Spatial pyramid pooling "R {12 RS H Al A0 SE H AR WAESS A PR E K JEE AR E [
Two-stage networks, SPP-Net An image can be divided into multiple image patches of different scales, and then these patches can be Introducing a spatial pyramid pooling layer that can accept
object convolved to obtain multi-scale feature maps. This approach is suitable for multi-scale object detection and  input images of any size and generate fixed length feature
detection real-time object detection tasks in complex scenarios. vectors.
model RCNN E g AR B D, FROMERHE (R — BRI R RIS X IR A IR AT RS 1. AR B TR MR AT — B BURAT Wang et al., 2021
M3, AR AT FAE, & TR 550 F HE EZRBGR 1 H A IS 2. B Bol Grescitt Jysm B3 I 45 o
In images, candidate regions known as anchor boxes (rectangular for insect images) are generated. Subsequently, 1. Able to perform a convolution operation on the entire image
feature extraction and classification are performed on each of these candidate regions to produce final bounding  once.
boxes. This approach is suitable for object detection tasks that require high precision in complex scenarios. 2. Improve from phased training to end-to-end training.
Fast RCNN 7E RCNN SR b ook, BB RRUR — 2 B2 0 S B2 SO BB KRB AL, FEERT 385t ROT Mk 2 AR BEAS R K /N 5% 126 [X 3 o Girshick, 2015
HIEIAE] CNN W& gt T 25, 1R R [E A E A 25, LA EIRBGSRE, EH T EREMI  Process candidate regions of different sizes through ROI
F5%. Pooling Layer.
Based on the improvement of R-CNN, the last convolutional layer is replaced by a Region of Interest (ROI)
pooling layer instead of the spatial pyramid pooling layer. Border box regression is directly incorporated into the
CNN network for training, allowing the network to simultaneously perform bounding box regression and
classification, while sharing the feature extraction process. It is suitable for high—precision detection tasks.
Faster RCNN FINXIHE WML, 75 CNN H H IR X IR, A 2 R 7 SO A B A R AL 55 FEEPURRE, 2 BRI PFIENISE, 2022
Introducing the Region Proposal Network (RPN), candidate regions are automatically extracted within the CNN,  Sharing convolutional features to improve object detection
enabling detection tasks that require both precision and speed to be met simultaneously. efficiency.
R 4B B I 244 FRERE SR EREL B RS, AR RERRHEE T8, Bau et b 268, sidalll, s  SRINHEE RGN, Ol THIEN 2 RZMAMILE, & Lineral, 2017
Feature pyramid SO I T 2 RUE H AR AT AN B AR AT 55 i 1RSI AR
networks, FPN Integrating deep and shallow features to generate a multi-scale feature pyramid, and finally convolving the fused It proposed a feature pyramid structure, achieved multi-scale
feature layers to complete detection. It can accomplish multi-scale object detection and small object detection  fusion and sharing of features, and improved the efficiency of
tasks in complex scenes. feature extraction.
WM ECH #F YOLO ORI IR 50 R SxS TR, A RS B30 AR O 1 ERRIEAT T, 4RJ5 LA B R A%, YOLO RAIEANA, $2M T — MM IFTH HERRMES . Joseph et al., 2016;

Redmon et al., 2016
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One-stage
object
detection

model

YOLOv2

YOLOV3

YOLOv4

YOLOv5

YOLOX

YOLOvV7

I SR A SN H AR A LSS

Divide the entire input image into SxS grids, with each grid responsible for predicting the object falling into the
center, and then directly output the position and classification. It’s suitable for simple real-time object detection
tasks.

KA TS B e B RIRAE S & K-Means SE38TH H ARAR T MRS AL B AL bR, BTN SMERE, &6
Z I H AR LS .

Using predefined anchor boxes combined with K-Means clustering to calculate the position coordinates of the
object relative to the grid, directly predicting the bbox position, suitable for multi class object detection tasks.
W28 B3R K1) 43 = AN 4. Backbone. Neck 1 Head, 43 FH FHEHUFAE . @G H 2R AE(S B DA =
A RUEZ FPRRAE AT HARRR I, 38 A T 2 RS B AR IAESS

The network architecture is divided into three parts: Backbone, Neck, and Head, which are used to extract
features, fuse and extract feature information, and perform object detection on feature maps of three scales,
respectively. It is suitable for multi-scale object detection tasks.

KA I LLIR SN N A — A B R B BRI EER VA — (AL B 75 5 A BT 43l o PR 8 5 I b
AEAR A T SRR IAR, B i 2 5 R A RCR A AR 55

Using CloU Loss (Complete-loU Loss) and CmBN (Cross mini-Batch Normalization) as loss function and data
normalization processing, respectively. Filtering detection boxes through DIoU_NMS (Distance-IoU NMS) in
the post-processing section. It can meet the requirements of high-precision and high-efficiency detection tasks.
A3 AN R RUEE FRRAS I, 5 B0 B AN 2 USR] Mosaic #4839 3207 Sy KB4, @& B ah ek Lk
B H AR o

Adapted to object detection across different scales. When the amount of data is insufficient, the Mosaic data
augmentation method is employed to expand the dataset, making it suitable for real-time object detection on
mobile devices.

KA A ME RGO OREE, K EER A0 3x3 X IE N IERAR X, SR Ak 73 5 SR H Ay &
FEMENEE . FHIERA T AN RE, E2Z MM ZEmser Bistil, il 23
bk IS B A k.

Using an anchor-free structure, sampling is conducted at the image center, with the 3x3 area around the center
serving as the positive sample region. A decoupled head is employed to separately extract target position
information and category information. This simplifies and refines the training and detection processes, resulting
in excellent performance in various applications such as real-time object detection, small object detection, and
multi-object detection.

FINAEB KA R e %L, ULRC SRS S (i f H bR 0 Bid, e oW 2 i 2 v R ELORRRSEms v (0 E A
TS

The first version of the YOLO series. It proposed a framework

for detecting all targets at once.

BINHE. 2 REIIZR. fitH— 1%,
Introducing anchor boxes, multi-scale training, batch

normalization, etc.

ey S B IR D0 4 2

Building a deeper network architecture.

BINEE I Boif 43 38 Darknet53. HER IPLH. BERE
M. Mish Wom BESE, Y SRAERY AR E 1
Introducing CSPDarknet53, SAT, PANet, Mish activation

function to enhance model stability.

LARAL T AR5 R RV 25 50 5

2.4 B I R P 4 OR O R AR 5

1. Optimized the model structure and training strategy.

2. Proposed adaptive image scaling and adaptive anchor box
calculation.

LIHHE it

2. 5| N MRS LR . multi-positive M1 SImOTA FRZE 7t 505 .
1. Anchor free frame design.

2. Introducing decoupling head, multi-positive, and SimOTA

label allocation strategy.

I, NG, WM ESE, #IHN
TSR

Redmon and

Farhadi, 2017

Redmon and

Farhadi, 2018

Bochkovskiy et al.,

2020

AT RIAE, 2022

Geetal., 2021

Wang et al., 2022



YOLOVS

Single shot multibox

detector, SSD

RetinaNet

Introducing a loss function with auxiliary heads, the matching strategy still follows the simOTA label allocation

method, which can meet the high accuracy and real-time requirements of object detection tasks.

£ Mosaic 3458 ({1 HE Al b 341 Mixup 85 1958 T-B, 985 F T W 46 o (1 C2f B S 4 b 5 BB RFAE,
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On the basis of Mosaic augmentation, the Mixup data augmentation method is added, and then the C2f module
in Backbone is used to better fuse image features. At the same time, a dynamic allocation strategy is adopted to
identify positive and negative samples in the image. YOLOv8 can be applied to multi-target and small object
detection tasks.
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Transporting multiple convolutional layers to the Head for detection, fusing multiple layers of features to detect
targets at multiple scales, suitable for multi-scale object detection and small object detection.

SKH Focal Loss 525 B Ok B 2 WAL K/, (EARRZE YIZRRS o U 2 HORTEME 7 B REAR, &5
A LIS BARK ARSI B AR AT 55 R 22 SRR AT 55

Using Focal Loss loss function to automatically adjust the weight size so that the model can focus more on
difficult-to-classify samples during training, which is suitable for real-time object detection tasks, small object

detection tasks, and multi class detection tasks on mobile devices.

Auxiliary head design, optimized training methods, reduced
network calculation parameters, and improved network
calculation accuracy.
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2.4 Anchor-based B’y Anchor-free;

3B IR B E R R E .

1. Introducing adaptive activation function.

2. Changed Anchor based to Anchor free.

3. Increasing the setting for the maximum number of channels.
UK R BRI S AL B, A4/ BRI AE 7T

Improving loss function and post-processing to optimize small

object detection capability.

SR R PR, IR IE SRR AR 23 O AS -4 £ e
Improving the loss function to address the problem of

imbalanced allocation of positive and negative samples.
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ARFRAE (2023) JET YOLOV2 Rl BRAUH- FwF R, 23R 96.49% ] mAP, A
ST FH [R) AR HR R B E | —E BR324 (2021) BT YOLOV3 WA g SR e 247
RSN 95.23% AP. RFH55E (2023) KA 2R H AR SEVE 2% 3 kAT
Wi, AR YOLOV3 BA A ki J 73 8808k . EBES (2023) FIH YOLOv4,
PROEAEG A I B R, AR B E RIS . R HSE (2022) K YOLOVS R
IKFE HFEINE I UE Craphalocrocis medinalis Guenee F1 —AKE Chilo suppressalis Walker i H,
BIOGR T B R RS R A H B . Xiong % (2023) K YOLOvS U BiMERk I 4% 5 i
Apolygus lucorum FVNGRHBE Empoasca spp., T ZHF mAP &=k 95.9%. AFIZE (Recall)
5 93.3%. EEAEEE (2023) SR 2T H Fnar i 9 26 0 1 44 U5 2 Mg i o LA T R0
I Z R BAEMIREE T+, MO YOLOX B e W 48 HAT o 1 RO AS RS 6 38« 398 256 (2022)
FF M i YOLOX Al M A B\ Diaphorina citri Kuwayama, UCHE T 85.66%[1) AP 1H,
DRSPS A 3 T KIRAR T . 2T S0 1) YOLOVT A AR i35 L B i 55 (kA
W%, 2023) FIKFESE ARG KE (XIDWESE, 2023) , HAHRIGR T H I M4 AR T 4
FIRUI S 0 RACR . BrEE (2023) R 2 H ARSI R 25 UM AR IF Aphis gossypii, Her
YOLOVSI AR T 92.6% (1 mAPS0 (X2 H-LLBIE KT 0.5 1 mAP) , S50 H i A4S Wl 14

WA,

P
He o

ARG (20200 FET ) SSD A K FEE Hr, WK 1 B Faster R-CNN 55 ) mAP
AT RN L o MRAHEESE (2021) $2HH T —FhBE T SSD AR KEr KB, BRI XA
SERE(FEG QL G BT R PO 1A 543 2K . Pang & (2022) FEF i 1) RetinaNet £
N, K15 T 81.7%1 mAP, T & Se ik i H AR R 45 .

R3 IHEEBRENEESCR
Table 3 Summary of Anchor free Object detection models

HIEAARR 82 P A 5 3E F 3 5 Sk R 22 CHR
Algorithms Application characteristics and applicable scenarios Improvement References
CornerNet EATHERE R QI AE, KM AFER LT BN G EME, Wb THESH%  Law  and
RrEEA o b R A I 1) R, kA B E. Deng, 2018
ARIECX, G TARE R M H ARSI 2. R TSR, R T Mg iR
f£55 o o
As a pioneering work of Anchor free models, it 1. This method does not require anchor
transforms the network's detection of bounding boxes, reducing hyperparameter settings.
boxes into a keypoint detection problem, detecting 2. This method reduces the computational
the pairing of the upper left and lower right corners,  load of the network and achieves network
which is suitable for object detection tasks that  lightweighting.
require high accuracy.
CenterNet H 10X 28 300 FRE BT AS W 2 A6 Dy o mCROAS I 1) 1L RA O s SRR A Zhou et al.,
2019

R, ELETN B AR LB R, &
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Transforming the network's detection of bounding
boxes into a problem of center point detection,

directly predicting the position of center point of

230 2R IR S b AL AR PR L YA AR
KA IREI HAME B .

1. using the center point as the key point.

2. Adding

modules and central pooling modules to

cascaded corner pooling



the target and its distance to the border, suitable for

real-time object detection tasks.

enrich the collected target information.

FCOS R METEERMEMLHZEE R BN LN FPN, kT O S ES FHE  Long et al,
Fk, FBRHERGE AR - MEE A LEEE  SURI S, 2015;  Tian
etal. 2019

FRAL BN, 1& T 5 B R A R ]
B R HARKE AT S5 o

It is a pixel by pixel object detection algorithm
based on fully convolutional neural networks. After
obtaining feature images, the target position and
category are regressed at each pixel point. It is
suitable for image classification and object

detection tasks that require high accuracy and

2.7F Head #4351 \ Center-ness, i T
IR TAE > 2

1. Introducing FPN, solving the problem of
positioning loss caused by overlapping
center points.

2. Introducing Center-ness in the Head
section

effectively ~ suppresses  the

generation of low-quality prediction boxes.

efficiency.

2.2.2  Anchor free

TESL PR 5, Anchor FRST | 0 AlK 5 HA9) #8 2 Xof A28 (G 00 1k i 7= A= R i
TE T AN RIS IAT 55 1], XS] 7 f¥) Anchor 2245 FEAR 1 AT IAS 2R () M7 3 14, A1 bt 75 2 E
WE RS AKSEE. EI SR FEr, W28 75 ZE 04— Anchor 5 3 52HE 2 [8] 1) ToU
HEAT VA, [RITTRE 9 K B N A7 A (] o AF B3R M), Anchor free i AR #MFF T Anchor, il
T R A EOR SE R, A TTZEAR KR bosisb T 2 S 5 B, BRI T 4%
THEME 2 (Law and Deng, 2018) . H AT HHRE # H 31 Anchor free 5 {0 45
CornerNet £ 5], 4= %A L[ BL H #7489 (Fully convolutional one-stage object detection, FCOS)
RN,

PhESE (2021) FE T2k ) CornerNet Fx il 7K 7% H (1 K B\ Sogatella furcifera Fik ¢
#\ Nilaparvata lugens, 3RH AP 1 Recall 735l )y 95.53%H1 95.50%, o3 1A% K mUkill o i)
TR FORAS o) . ARAHZESE (2022) T CenterNet £ 3 FiAE KL, 3REX 88.1%[1 mAP,
AR T X E— R R B . Xie 5 (2023) &1 0f 7 /NI 5 R
Xt FCOS #& tH Bk, JEMTHR T+ T 7 A5 - Py U0 4 At 2

AP, IR TR HE R TIG B R 1 R B 2 ST RS ETE B T Ak I T R IR I
Forp {75 LA Anchor based Y EEAR BT A Rk o SRTT, FLAE IR SOREAS TR AR EAS 4887 1 1) A
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T AL SR N 3 SR — ARG S S0l
3 MRERE

B T BB AR I PR Jg 5 8, T B 1 E Asksr IR TS T AR K R S5t 2
T NS EIERAE T B AR s e AR . AR BER B AR I SRR S T TR
FHRE B ARFEAE, RIS 5 200 RS s B TR B 2 ST 10 E ARG I S R % st
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