HATHEE2W d = % I x % 2 R Vol. 47, No. 2
2025 4E 2 A JOURNAL OF BEIJING FORESTRY UNIVERSITY Feb., 2025

DOI:10.12171/5.1000—1522.20240326
i YOLOvSn By# = 6T &

BrE X M
LT TRBAR K455, S5 3175 85 125105

THEE: (B 89 b5 DA MRk 35 ok il o7 v K6 00 3k 48, A 8 020, /0 A 3 e 0 280 0 78 56 ) 8, B M T — bt
YOLOv&n [ poll ek 75 2. (3R TE o, SR F A 2 ROBE GG i U R AR $R B 2% EfficientViT 4 A BSUgE A8 84 1)
FF WL, BT AR R, SRl g s Lo, i A @ 2 R B IE BRHERR S I8 DA-C2F $R FHERIE B R T R T
& HUH BRI RE SRR IR BE, BRANER A/ ARG ISk XSH BB HE— B4R T Hdn 3 SR IR 775 B, SR %
T i/ RUPE 25 32 H: LA 2K 2R 2 MPDIoU {E A5 B il FERE R 2%, $2 T+ 45 SR i, 18— 0 1 58 55 el F B 190 8 0 v
K, (SR 1O B R ARS8 . B B2, PR P30 5 3598 (mAP50-95)F1 F 73 505) i E) 98.6%- 95.7%-
98.3%- 85.6% A1 0.979, Hil 4 # HFRBI S FIIRTH T 3.9, 2.6, 2.8. 2.5 NE D/, Fy BHERTL T 4.4%; KM & (i )ik
ET 95 Wi/AD, $-FT 15.9%, T HRBHAIBETL . BhAh, XoF b HARAT IR, S5O A2 X T 8 5 T PR R K i 2R 42
FET 112 ANE S 8, IF BB AL Gk E BE A AR PRI N . (4538 VAT 5052t 10 7 25 bl 55 e A
DRSS FE O v, RSr s R TR, ELGT 22 800 5 e TR UORS P B v, SRR iz AL e DD T B

FEEIR): W] BRRIE ML (CNND; Molk 2 S, YOLOvSn; £ R 06V 25 U E SR I 2% 22 KB 13 S
TERRE s /N B R Sk

FEISES: S763.305: TP391.41  CEKIRERE: A XEHS: 1000-1522(2025)02-0119-13

SIigN: BRJT &, =ML, St YOLOvSn [ R0l 55 dus il 7 2k L] Jb 3 dkoll 2K 22 2 4, 2025, 47(2): 119-131. Chen
Wanzhi, Yuan Hang. Forestry pest detection method based on improved YOLOv8n[J]. Journal of Beijing Forestry University,
2025, 47(2): 119-131.

Forestry pest detection method based on improved YOLOv8n

Chen Wanzhi Yuan Hang
(School of Software, Liaoning Technical University, Huludao 125105, Liaoning, China)

Abstract: [Objective] In response to the problem of slow speed, narrow categories, and poor detection of
small-target pests in existing forestry pest detection methods, a forestry pest detection method based on the
improved YOLOv8n was proposed. [Method] Firstly, an efficient multi-scale cascade attention feature
extraction network EfficientViT was adopted as the backbone of improved model to reduce computational
complexity and enhance detection speed. Secondly, a multi-scale adaptive feature fusion module DA-C2F
was constructed to improve the model’s ability to focus on and accurately identify pest targets in complex
backgrounds. Additionally, a newly added small-object detection head XSH further enhanced the detection
capability for small pest objects. Finally, a minimum point distance IoU loss function MPDIoU was
implemented as the bounding box loss for the model, accelerating convergence speed and further improving
the accuracy of pest target localization. [Result] The improved model achieved a detection precision of
98.6%, recall of 95.7%, mean average precision of 98.3%, mean average precision at different thresholds
(mAP50-95) of 85.6%, and an F|-score of 0.979. These metrics represented improvements of 3.9, 2.6, 2.8,
2.5 percentage points and 4.4%, respectively over the original model. The detection speed reached 95 frames
per second with an improvement of 15.9%, also surpassed that of the lighter-weight model. Furthermore, in
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comparison with other detection models, the improved model demonstrated an increase of 11.2 percentage

points in detection precision for moth pests, and exhibited superior overall performance in detection of two

independent moth pest species. [Conclusion] The proposed method has higher detection accuracy and faster

detection speed for forestry pests, better detection accuracy for multiple categories of pests, and better

generalization ability of the improved model.

Key words: deep learning; convolutional neural networks (CNN); forestry pest detection; YOLOv8n; multi

scale cascaded attention feature extraction network; multi-scale adaptive feature fusion; small object

detection head
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Tab. 1 Type and number of pests in the dataset

Fr AR ¥4 TR
1 IV QN ) Drosicha contrahens (female) 226
2 BRI A Drosicha contrahens (male) 202
3 HTH Chalcophora_japonica 188
4 ER4E Apriona germari 277
5 FATER 4 Monochamus alternatus 216
6 Bk Cnidocampa flavescens 277
7 B i) (D Cnidocampa flavescens (pupa) 199
8 5 [ ik Hyphantria cunea 271
9 5[ i () 3O Hyphantria cunea (larvae) 224
10 52 5 ik Ol Hyphantria cunea (pupa) 184
11 NG5 T ik Spilarctia subcarnea 188
12 NGUGAT R (4 LR Spilarctia subcarnea (larvae) 186
13 NEUGHT M (B B Spilarctia subcarnea (larvae2) 164
14 K44 H Cerambycidae (larvae) 196
15 PN Psilogramma menephron 218
16 PN {CYLD) Psilogramma menephron (larvae) 208
17 22y R Sericinus montela 329
18 2z R4 3D Sericinus montela (larvae) 201
19 BRI Anoplophora chinensis 326

20 FMEE RS Psacothea hilaris 218
21 R Plagiodera versicolora 270
22 A0 - (D Plagiodera versicolora (ovum) 164
23 IR (4 0 Plagiodera versicolora (larvae) 182
24 Jok B i Erthesina fullo 286
25 JoR R i (35 H D Erthesina fullo (nymph) 175
26 JBR R i (357 H12) Erthesina fullo (nymph2) 176
27 1 b1 ik Clostera_anachoreta 277
28 /N ik Micromelalopha troglodyta 235
29 /NP (4 2D Micromelalopha troglodyte (larvae) 226
30 YR A 120 2 e Latoia consocia 267
31 JHI R 2R (&) HO Latoia consocia (larvae) 204
s 6960
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Fig. 1 Examples of pests in the dataset
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Fig. 2 Pest detection model based on improved YOLOv8n
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Fig. 3  EfficientViT module structure
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S A E IR0 1AM EIRIE B RN A 160 < 160
1% F 5/ H b5 A6 9 3k (xsmall object detection head,
XSH), PARG 5 R0 /0y H AR T dU ik il gg 77, 12
e S TR YR 2
27 EBTRMREEZHILHRKEL MPDIoU

FE SE B kel 3 b, B0 F U H bR IR AR
T P B 5 17 150 7 S S A P e A i FALE [m] ) 5
FERRE, [ JARS B FRAIRDS, TG Hooxs 35 B H AR iz
AN K B A0 R A o T B 0 A5 TR 1 45 2K R # CToU
(Complete ToU Loss)PH7E 1/ Ot 14 BE 52 21 R il o
BRI, Dy 2 v B RORGE 00 00 8 52, bR TR g Sk
B, R A BE T f /0 sUPE B A8 I L A3 2K 2R 2 (Cminimum
point distance intersection over union, MPDIoU)!"I{f
O SRS )3 57 A [9] JH 451 2K . MPDIoU i i % /s
TN B il FE 5 LS AR 2 b A A
T R B A5 TN A A T R SEAE T, A T
HHEEE, HRNSGEEZE ThOrEE. BE S
FEw 22, LA SHER] ) B 2 F1JE 8 X 4, & H T H
b SRR P v 1) IR 7 . W A M B AR RN
PEAN T, w AL B 3 330 % N T T 1) 58 A0 e 2

MPDIoU i+H AR N
d? = (B -+ (B -yt )
d3 = (5 — x5 + (5 —¥%) (10)
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MPDIoU = 208 & 4 an BT f /) m R B A I B R K bR B RE 8 B 1 i 1Y
CAUB wr+h2 w42 SRR X AN R R SRR LY 300 3 B30 S 5
Laobiow = 1 — MPDIOU (12) REAR L, MR SR TIAR AP fE s B mlE— 2P 3R it

X oy (o EREE A Mk ERA
A RARER, OF0D) B9 ETE B A L
AT A AR, div da 3 WFRREIE A5 B e |
54T A ST IKEE R, Lvppiou 37 2& T /N fUEE
EAZ I LG ) FHE [R5 % R 3

3 Rk

AW 9 ) FE 64 i1 Windows10 & 4t ' i 47,
CPU A Intel Core i5-12600K, W 7 16 GB, & F
NVIDIA GeForce RTX 3060, i 77 12 GB, f# [
PyCharm2023.2.4 /£ N7k T. B, Python x4 3.8, %
H PyTorch1.10.0 1E 9K FE 2% S HESE

YOLOVS it N E1E R ~F 4 — 4 640 x 640 15 %,
BRI 2B B v B I 2556 50 Cepochs) Y 200, FJ4H %
21K 0.01, )& (momentum)N 0.937, fit & R ~F
(batch size) Ay 16, K H B HLAL £ R % (SGDO i 47
etk
3.1 MU EBRME TN

A7 5 W R S RO R )RR AE AR UM
2%, P2 RE B IE NAHIE R A AL, S8 B AR
DU Sk R FH 285 /0 8 89 22 b 1R a0 S AE 451 2K bRy
¥ MPDIoU 4 o 120 2 JRUFBE QIR B TR AE B X
W28 ) 51N, AT DA X 28 1 SR AR BE, {45
TR LE Ab PR AT R 7S 5 R (03 RN, g i B R
Hh AR A BURFAE, AT 5 AR W 7 3o R o
P 1) 22 RUBE [ 3 AR AAE R RS e, ] DA 3 5 A 7Y
MNTAFERER, CHEAGZMBEZREER
(ARSI e 77, 30 o VR A R o) A [ RBE R ALE 1) 5%
VERERE, W] DAkt 5 A S Ik 2 rh R B B R A
FRAS IS o H 300 0/ B B AG) Sk A 148 s Y
XFERSE N H AR B G RE T, KT B A A
RIS M 2 0 B, fEMOL T T aHh, i
LR I U T DR AT T T, R ok o R TT
TR PR R s To AN L 8 2 R R
(% L 2 BN, R R B Bl A — e
ot BRI, 70N H bRE B RS AR, wT DURYR EE T
VESRAL B UM B o s 1 T HE 5 2% bR 201
PERE W B2 8 R BN 45 R AL BAEE . F B H bR
HIRZ AN BARAE, BfERES LEAZH
P, 7E B AR R A e 2 PRI 2, U2 R
FHLE Z A BB, XI5 20 K 8 A Ak
J&E o E N FH A et il R A, SRR 1 e R AR 75 1

RUAE SEBR S Y 3 5t b (1 & i RN SV, i ORAE B
% H PRI v e S e AR R Y Uk U

N T AT VPAR BT 3 7 1A R, S e & AR
DSCHE PR 06 S AN A, A P TIAL B S AR 5
B A SR AL IR R AN e AR R | AT — R B A VE
M
3.2 FMMiERR

Dy i SOk R TR A T SR, SR R A
(precision, P) A [8] % (recall, R)+ “F- 14§ f& (mean
average precision, mAP). ¥ 3] k& FE 35 {A (mean
average precision from 50% to 95%, mAP50-95). 1
Rk T P (WD AR Fy 43 B E oA 8 AR

T
=—F  x100% (13)
Tp+ Fp
T,
R=—" x100% (14)
Tp+FN
Pa= [ P(R)R 15
A=, (15)
1 M
mAPzﬂ oy Pk (16)
2PR
Fi=—— 17
""P+R a7

s Tp RS IE A TN IEAE A H , Fp VR R
T B TEE A B, P D9 R IO R SURE A H Y,
M ARG H B R, Py AR 3 250
(S BIRE % . mAP50-95 Jy~F B0 FEEBIH 0.50 ~
0.95 [1-T-S5 18, 7] LA4x [ Hb S Bk 50k A5E 3 7E A [ 6
JE R Xt BRI AR . By B 0 ~ 1, il
i1, R AR & r 45E PR AN % 28 F
WU BORE B P AN E B T, JF AR R 2 1 2%
PETR, AT B 5 AR T A A NP4 1) 22 30
LRIV e
3.3 KW AE

Nk — I AIE U AL S TR Y 1) 1 e 2 B
) H Grad-CAM(gradient-weighted class activation
mapping) X B F A= s M #4 J7 BP0, Grad-CAM A&
— ol R R IR R 2 X 6 v R L B T
Ao T SR 2 1 2 ) 2% e 0T 5 2 S ) ) TR Ak 3 7
YE RIS P7 e $80 EA] B o tE AN [R) T i T
bR A7 B DG (0 HE A P A B A LA 0L, MR (X 0h
OE, AL BRI T H AR E AL &, HBt
ERRRACR R T H AR 0 B A5 ik
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4.1 HERBARE

K EfficientViT X JE Y 347 42 AL 0 )5
TR AT e BEAG B R IR B, AN T B AR 31 T K 48
Tt iR = 2 98, BRI RSET T 19.5%, Hii T
T RR AR B2 H ) 45 5 B8 4T (1) 22 X RRAIE 2 2] g
A DA AT RO B U 2 5T (105 B H AR E, —
SEFERE P TR A I B T, ST IR B 4R
BT T 1.2 NE A, BRRETE T 0.8 N E Y
B, AP S50 B 5 P R B B AR TN GR 20 6
— M) DA-C2F M H T A 5, |2l
LS SR () B K S2 5 R0 AT AR 3 5 05 3 e H bR R
SRR T, DL R BB & IR R AR B BN
2 nl ik B R T 2 TR A E N 2 R EERE
21661, B R 5 R M R H AR A1 E
AL HERA B, ARG i 26 A B 3 0, 0 AR TR 4 T
T 2AANE s, BEEFEERETT 13 ANE S 5, P
K B2 55 V350K BE A 2 AT T 1.4 A1 0.7 DN 4
AT RS TR ARG S 2 B R FH A R AE B K 4%
B BTN B, AR T R B (3R 2) 0 TEAN R AT
S R T, BAEnS B ARA Ik, Bl T o 2
s bR H BRSSO I
Hf A B AR T, ARG B R AT T 2.8 AN E A A
BEFREIF T 1IAED S, BT RNH ERRE
PRBE, B3 /N B BRAS I Sk — 2 FE B 30 T A
TUP ST AR, R IS P e A A R B T 7.3% (3 2D,
S0 43 ST 56 2R PR B 0 /s E ARSI Sk vT DA AR T A5
PRSI R A6 P o 75 S FH b 3 s 1 =) it 384 m /s B

PRI S i, TSR T 5 )RR AAE 2 Y 2% A
% JBE BT SR AIE i A, S 2R R ) T 2 g T
SBR[ T, CREFAE 2 AR IR 56 26 1 R, ¢
FECIE N /0N A Sk PRS0 3o BE R A T 14.5%,
BE—PIHIE T P b 3 MO TR 2R A R
e, H 5 EARAHE L, SRS R 7 254N E S
M ARPRIEE T 1.9 NE A, PR SR
FEMME > SR TE T 22 A1 14D EH 2 A GE D). &
Jei s BSUHEASE AL SR FH 6 A /0N et B A2 I L 1 o S AE
A7 K o S N T U AR a2 SR 1R[] RS R A
B 5 AT IR 4R A5 YOLOVSn, oi #E 15 7Y 78 i i
R P, TR R R M B R T
3.9, 2.6 2.8\ 2.5 N E 43 RU(EK 2), FF H SBR[
Fy 43 BRI D 33 2 50 o 4 455 284 4y i 32 Tt 4.4% AN
15.9%, ESRE BpCR F % S A0 RRAE$2 EU 2% 1 23
FHECA P BRAR, (B AP TR AR5k B e R, 2761
RETEAR o 27 LTI, BT 7 ok 70 R 00 oA 6 5 ARG
HRE T ARG AT R I . HH At o R &%
0 43 SR AR T AR TR 2 A G AR Ak, e AR A
TE & BUEAN F6 b o #0 fe A 58 4 1) R B, G0 UG B 0
T P A R B B A )P
4.2 AREEBMRTLE
42,1 SAEEA AN

SIS g5 (R DR B AL E & 5T 200 F
W 255 K5 1 N 98.6%, 1 [0 A) 95.7%, T34
¥ E N 98.3%, “T- 945 FE M N 85.6%, F, 73 B R
0.979. Y Zrid 2 () 53 A RAB A3 FAE 4 R AH 5
FELEFA YOLOVSn HIXF Ll (] 5) SR : 75 A 7Y
I ZRid B2, BSOS L AE 2 S 45 2R AN i A 45 2K

R2 HEXRBRER

Tab.2 Results of ablation experiments

JR gk T +EfficientViT ~ +DA-C2F  +XSH  +MPDIoU  P/%  R/%  mAP/%  mAP50-95/% i  F7oH
947  93.1 95.5 83.1 82 0.938
N 959 939 95.8 83.4 98 0.949
v v 96.8 94.4 96.9 83.8 91 0.956
YOLOvV8n
N 975  94.8 96.9 84.0 76 0.961
\/ N R 97.2 95.0 97.7 84.5 87 0.960
v N R N 98.6  95.7 98.3 85.6 95 0.979

1z +EfficientViT, +DA-C2F. +XSH. +MPDIoUZ} I3 /s 7E SR AR AR RE Al b3 sy 2 22 RUBEGIDEVE 5 0 R AE BRI 2% . 22 RUPEE 193 Al 5 AL
P, s ni B AR E SUSIIER BT B/ s B LA R B B PIRS BT, RV B %, mAPJY-F-IIKEEE, mAP50-95 9~V 5 Ks 418, B AGH

PR GO 2R .

&3 ARERGNERE

Tab.3 Comparison of typical model detection results

it P/% R/% mAP/% mAP50-95/% 2% For 8
YOLOv5n 90.3 88.3 95.3 83.7 86 0.893
YOLOv8n 94.7 93.1 95.5 83.1 82 0.938
O 98.6 95.7 98.3 85.6 95 0.979
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RIS SIOH P 8 T YOLOV8n, H. Bk i i S i 457
KA LT YOLOV8n. I% 2% B Bt A5 R ANV 76 3
d1 4207 T PR RS T 4, RISt A RS i E 67 B A,
xof 5 o BR a2 S (1 52 67 A5 5 IR

N T HE 0 56 I SO TS 2% R A R R,
fd1 F 4k 21 5 B[R] — %88 5 /£ YOLOv8n J5 A5 A4 Al
YOLOvVSn FHEAT IR, 505 J5 AR A 1 2 W 45 A m]
PRAAG I 5 R 5 e HE R R R AT LR . BT YOLOVSn
TEA A 55 20 2 A 22 80 5 U7 [ 5 YOLOv8n ¥ 1K,
[A] I 6 4G 0 39 iF 7 1T, YOLOvSn [ 4 B 33 B B+
YOLOV8n, {H A I v A B 54K 5 17 e 3 A3 78 AN AN
TERE W2 A0 3, P B RE BE L ST 38 B 2 A
Fy o 8007 A W35 1 T, HE R I3 B 7 1, B
YOLOVSn 4 10% 142 5, iX Uk B 1 ook 45 A 7E
ST S O L E AR R e BE A s A A
TR LA YOLOVSn, B ik B AL fEAS 7 R . A [
B S I R BE L T 3G B A U5 T A BRI T 3.9,
2,65 2.8- 2.5 NHEGT AL Fy BRI T 4.4%; Hidid
R AAE R R 4% [ 2 A B RS 2 iR A 4k, 24
BERERLTE XS T H R H AR IR B B E R,
FET YOLOvSn $27F 15.9%(% 3), DL Lg5iR%
BH, SRR AN S A A N VR R 5 % TR A b A B
BT, H5 s AR b, A6
AR, LR A TERE A
422 #EF kN

DRy I A AR 7 B AT ORI T PR RE
B A H 0 82 P FE) Vi A A8 12 28 0 i ( Latoia consociad

¥ ¥ k5 ik ( Clostera anachoreta) FIRS ARG A % . 7 [0
RN 508 B 55 SR [38] H 1 [R]85 s oyl 47t
o LA R (GR O WoR: BARSCHR [38] £E M M it
RO A DU K 52 77 T s v - SO A Y, (HLAE A [l AR
YRGB THD, CSCdb A Y 88 W 2 T SCRRAE R . e Ah,
PR B SR I 50N, BRA T3 UK R B A
SR, MEEA R BRI E . 4% BT
A, SR B T A AR E M, ZRA TR RE AR
423 TREET KW

e — 0 B UE Rk A Y R T AT M S 2 AR T,
P A E 45 v 22 [ [k (Hyphantria cunea) 35 ) gk
(Cnidocampa flavescens)F1 N S5 T Wk (Spilarctia
subcarnea)%5 8 Fh VI TFH T RS MAS i 22 5
SCHR [5] 7 R R T AR I 2 R AT B B
S5 R (3R 5D W7 SOk AR A A 22 b 2 S A s )
el K DGl o o i TR S S WS e S T
AR RIS A TR TR 288 AH AL 22 288 g 35 b A it
G T4 BRI, A TRz AL RE
4.3 AFRERBITMRIRX L

DR B W I gt AR R AR R () e 22 il g
AT LR, A B I AR 1 B 23 il A P ek A R 5 R
BRI AT T, T &5 R ANl 6 o . B 6 38 14T
7R 5 YOLOvSn F1 YOLOvSn # L, pi ik i A4 75
S RS I v B T TR R IR AR, BAE B e
T 6.9% H1 5.7%, I H. TR & A7 55 At oy > A58 24
SN & A H bR B SR VEAE, € A7 5T I0ORS 4 .
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Fig. 5 Loss comparison of the improved model and baseline model YOLOv8n
x4 WEEHENGERITE
Tab. 4 Comparison of detection results of two types of pests
5 K B PI% RI% mAP/% ik
) YOLOv5s™ 100.0 60.50 64.30 0.754
JHUAR 48 122 30 i .
SRR 98.9 100.00 99.50 0.994
) YOLOvS5sP® 100.0 52.99 52.99 0.693
W

BIgti -t 99.3 100.00 99.70 0.996
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Tab.5 Comparison of detection results of
moth pests %
A P mAP
MRA-YOLOX"! 87.0
BiEEIR it 98.2 98.5
RERGAELZ ISR, /£48H YOLOvVSn 17K

DI BT BRAG B O, T BSCEE R Y AT YOLOvV8n
A REAE AR R A T B RRSE, IF HL 4 s LA 5
HE, (E SO 1) B AR R AT 527, HX H AR E

R RE . 1 6 28 3 47 IR : OB fEAG I &
55 b TR B8, {H YOLOVSn 75 SR E
B, HE s 5 HE R HRE A EX ST, 85
55 g R A — B, A B T 93%. B 6 5 44T R

YOLOv8n

YOLOv5n

TR ST 5B 2 B H b SR8 R i 1
N, YOLOvSn Hy 8L T 488k 7™ 5 IR Je A 155 o, 76 R
HrEIFAT R AR R RN E bR AL B, JE AR Y XY
FERGA T M ESR BRI RS, BX A -
() E AR BT B — H k25 R 4 1) A e g A
BT 52 2 18 L 55 e H AR R0 B A, B
545 0 00 AR )5 R b A A R e, HL
FIMAE 52 A7 A% i, A HBLEE S AG I L, 3 Uik 1
AR IRIEAG I S L BLIRAS  RAS A A, R, et
REA T B35 N B ARl 35 HUR A 5 G (1 A il

A R
44 HNFADEITEE
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Fig. 6 Comparison of prediction effect of different models
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Fig. 7 Comparison of heat maps for detection
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