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Pruned YOLOv8-based lightweight algorithm for detecting apple surface defects
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Abstract: In apple surface defect detection, rapid and high-precision detection technology is crucial. Current research has made

progress in accuracy, but detection speed still needs improvement. To address this, this paper proposes a lightweight

apple surface defect detection algorithm based on pruning. This algorithm uses YOLOv8n as the base model and incorporates

the characteristics of GhostNetV2 and the C2{ structure in YOLOVS to design a C2f~—GhostV2 module, significantly reducing

the number of model parameters and accelerating inference speed. To further reduce computational load, GhostConv

is introduced to replace traditional convolutions, and the DySample sampling mechanism is adopted to improve

flexibility and information retention. Additionally, the lightweight model undergoes LAMP pruning, further decreasing

the number of floating-point operations. Experimental results show that the pruned model achieves mAP of 97.3%,

FLOPs reduced by 78.05% , and a frame rate increased by 27. 85% compared with original model.
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R, fEMEERE R C2f—GhostV2 il J5 , mAP
BT 0.6 N E 4y AL FLOPs % 2.6 G, FPS 47+
7 Wi/ms, i J5 % 1 DySample £t J5, mAP & F+
0.8 A&, J3 ok, AR H C2f—GhostV2 Bk
B mAP T4 0.7 4~ 43 5L W FLOPs #1 FPS 13
B R iy etk s Bl )1 DySample BB, mAP 2
1A E Gy s B B R A W AR, FTRLE N
A e A AL IS T B 2 0 v i 4R TR B R
M1 326 25 S 0 22 A RS B W) 35— 25 00 A0 ASE 70 ) A 1 i
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Tab. 4 Ablation experiments of sequentially adding modules

A B C mAP/% FLOPs/G FPS/(Mi e+ ms ")
X X X 96. 2 8.2 69.3
N X X 96. 1 7.4 72.1
X N X 96. 9 5.9 74. 8
J J X 96. 8 5.6 76.3
X X N 97.2 7.9 71.3
N N N/ 97. 6 5.4 78.2

3.5 BEI#EIKIE
B A 7 5 0 L A e B R AR R O
AN [R5 kg A DL R BT R O i A B #E YOLOv8n
(GD—YOLOv8n) #1, & 4 i & % (Y 35 £ Z % o
25 PR ARSI R 1 PR,
£5 HHABSHEE

Tab. 5 Pruning experiment parameter settings

4 Jay 3 KL = etk SGD
B 7 3 R 2.0 patience 50
IR 300 close _mosaic 10
HEI 8

FFE P AR AT DR AR ) 1 TR B S TR B9 B sR
M EEHEbRZ — . BT BYBRIUA M0 8 I8 B B B 2%
JZ L BT L Sk 2 e /0 B R ) A RN S R AT
FHHE IR EE . MR SE LAMP 5 A% 76 7K [6] 57 4% 3OR T
BRI AL, 7E By A B b, a3 i 3R BT B Rl 2.0,
2.5.3.0 Fl 3.5, XoF 3 5L fle g 4G IS A (7% 38 308 AT 5 AL
128 7 AT, Y R AN 3. 0 I AT 7 S X R XA
T 25,38 B YCBOR =2 [R] 38 ) 5 g 10 - o ASE ARV o5
B BYCBOR D EORS B G R . TR 9 S B A R 1
BOR 3.0 B A4S R E G B AR Ak, AR ER— 2
P24, B 4 AT (543 AR 2 B A 1T 12 2 3 T 4K
6 FENKAENTLRBER

Tab. 6 Comparative experimental results of

different pruning methods

B UE LAMP 898 57 ¥ A 0t fp 3, 55 F
Ak B B39 A (Slim) ™ | 3 F Taylor J& IF (9 41 87 A%
(Group_taylor) ™" BT L1 %504 87 A (L1 ™ F ik
F Hessian %0 [ 19 20 87 4% (Group_Hessian) % 45 J7 i
BEAT X IR L 45 R g 6 BTk, LAMP J7 i % 9 &
fE.mAP J 97.3%,FPS & 88.6 Wi/ms, FLOPs Jy
1.8 G, o8 35 M °F- fi 3 BE KGR RLTH R B A4 . X 3R
W] LAMP B4 AE R 7 = R B2 0 [ B, b 545 vy 4 34 3
JE A /INBE Y 35 T RS B R S B AT 55

TERERYBTRE i, B R (s peed -up ) $i5 BY K J 15 741

BRI mAP/%  FLOPs/G FPS/(i+ ms™")
Slim 96. 3 1.8 86. 3
Group_taylor 92.3 1.8 87.1
L1 94.9 1.9 85.1
Group_Hessian 95.3 1.7 89.1
LAMP 97.3 1.8 88. 6

KT AEAHEEETHHEER
Tab. 7 Pruning results under different speed up

WA mAP/% FLOPs/G  FPS/(Mfi » ms »)
2.0 97. 6 2.5 85. 1
2.5 97.5 1.9 86. 4
3.0 97.3 1.8 88. 6
5 94. 8 1.5 90. 4

EYo MEEEHEREIET
Fig. 9 Comparison of model before and after channel pruning
3.6 Xfibikie
SRy 6 U S AR TR g St M e A S AL e 1R v
B i & fE A1, ¥E B Faster R—CNNP | sSSP
YOLOv5s, YOLOv7™ | YOLOv9"™ | YOLOv10"" |
OGV—YOLOv5s"" .ZVEW—YOLOv8n"*' | i ik #5174
GD—YOLOvVS8 VU } PGD—YOLOvVS 7 3 5 il i %k 4
F LT IR, SR mE 8 ran, it PGD—
YOLOv8 57 7E S HL il [ A6 AT 55 v 3R 30 L8, 76 £
DU B P 08 R RO A B S 3 A OGS e A 1Y
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R E 24 (FLOPs) 77 16 - PGD—YOLOVS #§ FLOPs

LR 1.8 G, Ik F Wi By B H A5 &6 I 5 1% Faster R—

CNN F1 SSD, #l H F YOLOvI—tiny, OGV—

YOLOv5s, YOLOv5s, YOLOv9 F1 YOLOvV10, 43 5l & A%

72.3%.84.2%.89.1% . 83.18% Ml 73.13%, # It T

VEW—YOLOvS8 #l GD—YOLOvS8 43 I &5 69. 5% FiI
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Fig. 10 Comparison of detection results before and

®8 AREEEBXILIKE

Tab. 8 Comparison experiments of different models .
after improvements

LY mAP/% FLOPs/G FPS/(Mi « ms )
Faster R—CNN 88. 4 251.4 38.6
SSD 91. 2 35. 4 40. 4
YOLOv5s 96.7 16.5 65. 3
YOLOv7—tiny 94.7 6.5 70.7
YOLOvSs 96. 6 28.6 65.9 (o) AR BRFaE
YOLOv8n 96. 2 8.2 69. 3
YOLOvY 96. 4 10.7 64.7
YOLOv10n 96. 3 6.7 71. 3
OGV—YOLOv5s  96.6 11.4 75.1
VEW—YOLOv8n  97.2 5.9 73.8 (b) YOLOv8n
GD—YOLOv8 97. 6 5.4 78.2
PGD—YOLOvS 97.3 1.8 88. 6

3.7 WL R
R s U TR R AR K T BB L, X EE R 4R A A
YOLOv8n J2 LA GD— YOLOvSn BL & 7 K J5 1 (¢) GD=YOLOvEn
MR PGD—YOLOv8n 14 6 I 1] A1 AT Ak 44 7
G 10 Fr s, o R RS AR TR B S B B E TR R
YOLOv8n #E5Y , 3& BHHXT/IN B bR 04K I 58 ) 58 56, 451 4n
AR /NP AT L e DL R RIS . [R) B A A I € X 33 AN R
98455 55 W T DX S st R A5 R S B . R 11 AT AL, e
T B S SR 5k AT L i TR B 5 4 G T3 M Fig. 11 Tmproved before and after visualization of
PSR v 0L DA S S Il i - AN U R S 1 70l € S heat map comparisons

(d) PGD—YOLOvV8n
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