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AL TIAT: 55 rh R Z TR 7
1.9 RWIME SHEESIISGRE
SEHGTE AR IR BT AN T A R 52 Windows 11,
£ M 16 GB, GPU 2§ NVIDIA GeForce RTX 4060
(8 GB),CPU A 1318 Intel Core 19-13900HX , SZ56%k
PG R« Pytorch TR FE 2% 2J HE 4R  Python 3.10.CU-
DA 11.8 flcuDNN 8.5.0, #ERIYI GRS HE L 2,
TSR F T o b S, B 4 rh 25 280
SRR AF AR B 25 5 . 0N T A ) R m]
SRR S ik 2 g 1) T S5 491 450 i 22 19 288 ) (AR B
W) o B DA BT A 3 20 BB S g
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Table 2 Training parameter settings

%25 Training parameter A Value
Batch 16
Epoch 250
Patience 50
Workers 8
Imgsz 640
Close _mosaic 10
Momentum 0.937
Weight _decay 0.000 5

1.10 #FMristR

AW 58 R HIAE i 22 (precision, P) 3 [a] % (re-
call, R) .F,-score V- )} i (average precision, AP,
AR PICHE Py XK B 4 {E (mean average preci-
sion, mAP, 24 3 g £E Py B R AL E (model
size) \JF .12 55 33 ¥ (floating point operations per sec-
ond, FLOPs) fli & (frames per second , FPS ) % # #1
PEREMEATER 1AL . P, Fy-score A B 5 A1 44 [u]
A VRS- S TV ARG BE R TORS A 3 - [nl 3

(precision-recall, PR) £k iT5, &/8 PR £ T A9
B, PEAS 2 AL PR . HARINT S, mAP@O.5
FEIRTE ToU BIH % E M 0.5 58 1Y S 2985 B, M
mAP@0.5:0.95 2 75 75 ToU BI{E M 0.5 3 0.95 (5 K
k1 0.05) i [l P 3135 i 45 (1) - ER FE 3 (B . FPS (A
S Fpg) 2 WY () 4 3000 5 5 S 1 . PPAN
febritE AT

P= Tpr"FI (14)
R= T.)erFV (15)
FIZZE"%RR (16)
P\—J;P(R)dR (17)
PmA:ZPA, (18)
FPS—¥ (19)

(1) ~(19) 1 T Fp Fx 43 31 Ay TEB A6 I 1)
TEFEARER T ARG T 1) T A A 50OR ARt A 1 71
AH n ARG P 2N N OB g, T
hy Kb BRI ]

2 FHRE5HMH

2.1 SMPD-YOLO 5EZ&ER 4 MM BEXT EE

FEY Grad 2 v , FEZR A AL 5 SMPD-YOLO 5 #
K FHAR [R]85, AR AR Le 45 SR B 2 PP
3 A, SMPD-YOLO £ #I7E mAP@0.5 -4 YO-
LOv8n &7} 1.80 A 43 &1, I 75 A i 35 28 31l rh 2 B
RELRIPERE . 72 KBER S5 . R e AR 2
9o ) 0 f Py (B A3 ) 4R T 1.80,0.20., 3.50 Al
1.60 F 435 o

£ 3 YOLOv8n5 SMPD-YOLO H# il 1 &
Table 3 Comparison of YOLOvSn and

SMPD-YOLO %
Py

iz . BB mAP@

o e B ' R -

Models Powdery 0.5

Gray spot Rust . Scab
mildew
YOLOv8n 88.00 90.10 83.20 92.50 88.40
SMPD-

89.80 90.30 86.70 94.10 90.20

YOLO

iy [ 8 AJ 11, SMPD-YOLO # 5 ( % 0, il 28 ) 7
A mAP@0.5 F1 mAP@0.5:0.95 [ i A T4
MR (2Lt e) , [RIBTORRE T A AORE BE . KAk,
LA RILE RSN Gl R v SR 5 ey A e M A
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Fig. 8 Training curves of YOLOv8n and SMPD-YOLO
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Fig. 9 Precision-recall (A) and F,-confidence (B) curves of YOLOv8n and SMPD-YOLO
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Fig. 10 Comparison of heat maps of YOLOv8n and SMPD-YOLO models
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AR TR 8] R F ) -score , I SMPD-YOLO
) mAP@0.5 #2 7+ % 90.20% , [A] i {43 5.0 MB fii 1
RIRGE iﬁ@%ﬂﬁ%ﬁ?ﬁﬁ%ﬂ@ﬁb%mﬁ?ﬁﬁﬁ )53
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R AH T 3 18 K A AH I R I a3 1

2557 AR 2 A AR S A R R AR A PR Y38
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Table 4 Ablation experiments

y TFAABEE L, y ;
st s ey W ARG e s T i e
FLOPs
88.80 82.40 85.48 88.40 77.90 8.1 6.3 3.2
N 88.30 83.50 85.83 89.10 78.40 18.3 35.4 17.0
N 90.20 82.10 85.96 88.80 78.40 8.1 6.3 3.2
N N 90.60 82.40 86.31 89.20 77.80 18.3 35.4 17.0
NG NG N 88.50 82.30 85.29 88.30 77.50 7.3 5.0 2.3
NG NG N/ N 88.30 86.20 87.24 90.20 79.50 7.3 5.0 2.3

2.3 SMPD-YOLO 5 Fm=EIp4a M4 sExT EL
TEFI R S 80 IR GBS ECRERE T , ek iy

SMPD-YOLO #5745 Z R 3= 70 B ARG AR 7 31 7%
fE % It ( 2 5) ., Faster R-CNN #l YOLOX-s 9
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mAP@O0.5 Fl F)-score ¥R M 70 %4, [A] BRI RIAL TR |
SRR M FLOPs 50K, H FPS 8% , #E LU 2 52
K5 sk . R4S YOLOVSm £ mAP@0.5 |- & I
I B HAEFTA YOLO R FH AL FPS H AL (42.4
Wi/s), HZHEMFLOPs 5K ; YOLOv5s i FPS A
S E (B AE Fy-score . mAP@O0.5 fAIAL E S H R
FFLOPs Z 4~ 48 b5 L #A & SMPD-YOLO; YO-
LOvVSs 1E i A # Al vh Fy-score % 5 , {H H FPS &%,
HEH0E BB FLOPs 8K ;5 YOLOV7-tiny

FPS ik 131.6 /s, mAP@0.5 Fl F,-score I 25 T YO~
LOv8n, {H HZ % AR E 2972 YOLOvSn 11y 2
% 3 YOLOv9t 1 YOLOv10n B mAP@0.5 % &5, YO-
LOv11n.YOLOv12n,YOLOvV13n () FLOPs #&A% , {5
1EH A PEBES AN B2 SMPD-YOLO #8  AHIL 2,
M B SMPD-YOLO #E # #8 FPS (133.3 Wi/s) |
mAP@0.5(90.20% ) \ #& # AL & (5.0 MB) , & ${ &
(2.3X10°) HMIFLOPs(7.3X10°s ™) Z [ S8 1 e
i, R AR SE R M S 2R AR

RO AREENUREEREXT L

Table 5 Comparison of performance of different detection models

- " =106 U s R 109 ¢ 2 .

vos P mweosse GRIEEL e hon e
Faster R-CNN 49.02 64.50 108.0 41.5 386.3 11.0
YOLOVS5s 85.81 89.30 14.4 7.0 15.8 111.1
YOLOX-s 64.60 85.10 68.5 8.9 26.8 31.2
YOLOvV7-tiny 86.21 90.00 12.3 6.0 13.0 131.6
YOLOv8n 85.48 88.40 6.3 3.2 8.1 130.1
YOLOv8s 87.95 90.20 22.5 11.0 28.4 113.2
YOLOv8m 86.99 89.60 52.1 25.0 78.7 424
YOLOv9t 85.73 91.00 6.1 2.6 10.7 84.75
YOLOv10n 85.39 91.00 5.8 2.7 8.2 113.0
YOLOv1ln 85.60 89.00 5.5 2.6 6.3 113.9
YOLOv12n 86.76 89.60 5.5 2.6 6.3 101.4
YOLOv13n 85.89 89.20 5.4 2.5 6.2 104.0
SMPD-YOLO 87.24 90.20 5.0 2.3 7.3 133.3

A 11 A %0, FE 5RO R, SMPD-YOLO A i 5]
{14 ¢ B 9 5 74 B8 i i 22, i HL Al ASE AR A7 A 48 1 1Y) T
G 7E H ARG RE AR X FOR s (ARG o, A5
AU T o AT AR5 8 s TE B R AT 55 oy, 5 AU 3R
AR, Az R A X 5 1 7 2 BRI, YOLOV7-
tiny WK FH . SMPD-YOLO 75 b3 58 2460 37
s CHVA BRI R R 93 56 20 T SO B AR Ak ) B 2R 30
WA, X A 45 T SPPEFCSPC A5 B il 48 1 I
MPD-ToU 4t 2& ek Z ) 0 H 3% P 2 e[l e i T 2 R
FERFAE RS IF e TSk, AN, LAMP J5 R AE R
5258 v A DA %) ) R U 20 1 BB AR 38 T A
VUZE AR 38 28 56 T H bp A C XStk — 25 h i 7 A AL Ry
TEFEERE T -
24 AEHEREHESRKRREHXI

ik SPPECSPC H#1Efil 5 7 % 5 MPD-IoU
T AAE [ )45 2% SR BCHE Y OLOVSN S5 L I Fr 5 4
I AR B A R, 43 IR L TR AR Bl A ik S i
SFEHE [R5 2K AR R BE . 26 6 T, FE ANl B
77 ¥, YOLOvSn Y SPPF #5876 45 1 8 4k T

SPPFELAN, SPPCSPC 4 SPPFCSPC. SPPFC-
SPC H 78 K5 1 % b g AL T SPPF, {H JL A [l 2 |
mAP@O.5 ¥ L T HABRFE flA 572, B FLOPs #
ik SPPF {\G# it 22 R Ak d R sz B (R 2
FRE A A R ; SPPFELAN 5| A £ 2454 &0, 1
ST SUfE B (H B ROBE kG e 175 A BR 5 SPPC-
SPC 4545 SPP 5 CSP 43 3¢, 38 T 2 NEERHiE R A
S5 ERS . MLz~ ,SPPFCSPC @it CSP 43
SPGB R AR SE LS 2 85 RO Y FE A FEAE Al
REAR B TRZSCEME B, SURILT IR Z1E R,
1., SPPFCSPC 7530 34 F A6 I rh v e 4

B3R 7 Rl 7630 FAE [ JH D7 1T, YOLOv8n 1
CloU #5126 25 (& T Pl B 9 i b ) B & (HAE
ANHRI N B R S AT D 22 , PR HORS i R B A
Wise-ToU {4 A6 BE 43 451, Focaler-ToU s i A%
REART (H 360 10 PR K/ 22 5 8 3 AR B 2
PR ek I M e 22 . ML Z T, MPD-IoU
W 2RIV R IS SR S AR ESE IR i
L R Ty ) VE L, db 2504 T 22 ROBESRBE I 2 v BB T
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Fig. 11 Detection results of different models

TR ASE TR 0f 22 X2 S SR R 7 A 0 v o7 S8 e
1 IR TEAR , AR TERE L0 T A 2% pR
RO FEFHERBETELLER

Table 6 Comparison results of different

feature fusion methods %
iR iR AR
Model Precision Recall mAP@0.5
YOLOv8n_SPPF 88.80 82.40 88.40
YOLOvV8n_SP-
B 1 2. .
PFELAN 88.10 82.30 87.70
YOLOv8n_SPPC-
N . 2.1 .2
SPC 87.30 82.10 88.20
YOLOv8n_SPPF-
- . . 1
CPSC 88.30 83.50 89.10
R 7 AEAFIEEEFHRK DT LER
Table 7 Comparison results of different bounding
box regression loss functions %
A Model *ﬂﬁ%E Gl mAP@0.5
Precision Recall
YOLOv8n_CloU 88.80 82.40 88.40
YOLOv8n_Wise-IoU 88.30 82.00 87.50
YOLOv8n_Focaler-IToU 88.50 81.70 88.00
YOLOv8n_MPD-IoU 90.20 82.10 88.80

2.5 LAMP3tEE
ARG LAMP J7 26 A [6) BRI b T X A

P A2, ABESEIF I 7 X H ik . Hep sk L

B BRGSO B Z M A (B . fr R 8 AT,
Wit 2 0 R L 4 385 o A TR R EE 2R RN o R B
2.0}, BRI R 45 /N2 7.2 MBOK T YOLOVSn) , {H
R R AT T B o B N L A 2 — 25, Y
e J5 R RIA /N F YOLOVSn, [A] B FPS #5447
Tt 2SI ek 3.0 B, AR RY 3K 31 e 42 1) F-score 1
mAP@0.5,

Bl , 38 T8 ZORTR 28 1R T T A S AU 1Y
BRIk b 2.0 BR A1), ML 2 YOLOVSs.,
26 9 AT 41, Y b o 2.5 i, B R P RE AL Fy-
score 1k #| 87.24% , mAP@O0.5 & 90.20% , mAP@
0.5:0.95 2 79.50%6 o i 1 FH JH: by i 2 L (7 455 7Y
F,-score . mAP@0.5 Fl mAP@0.5: 0.95 4& F1- 45 70>

i & 12 ] 1, LAMP By AR (i 14 2.5) 5
SMPD-YOLO #5 A1 ( 543 J5 1y FH 38 38 9% F1H 22 10 Y
B ) 7E I 25301 18] (1) mAP@O.5 i A T R A AL,
Horfr, SMPD-YOLO #5575 i1 FAE 5] 05453 2% 14 e 84
R 7 R B Sy 6, U 2R 25 100 F AT, LR
(B EL 42230 052 FE A 4.0 A5 (7K - | e & S B IT A A
AU AR A A6 0 o BRIk, e e b oy 2.5 11 35 A
BT A7 30 G IR R A A TR Sk
Z Al A
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Table 8 Comparison results of different speed-up ratios

JnE H Speed-up ratios F\3 8/ % Fy-score mAP@0.5/%

HERIALH /MB Model weights MR /(i/s) FPS

2.0 85.44 88.30 7.2 128.8
2.5 85.29 88.30 5.0 133.3
3.0 85.77 89.00 3.8 135.2
3.5 85.62 88.70 3.0 135.6
4.0 85.34 88.20 2.5 136.6
4.5 84.77 88.00 2.2 140.1
F 9 AREMELZEBEIT LI ER
Table 9 Distillation results after pruning with different speed-up ratios
ZEARAIRY "y i BRI E /MB T2/ (Wit / )
F4 % F-sc AP@0.5/! AP@0.5:0.95/ Y .

Distillation models JHRL/ Y Fyscore mAP@0.5/% mAP@0.5:0.95/% Model weights FPS
2.5 CWD 87.24 90.20 79.50 5.0 133.3
3.0_.CWD 85.48 89.60 79.00 3.8 138.2
3.5_.CWD 86.19 89.10 78.50 3.0 138.5
4.0_CWD 85.57 88.90 78.10 2.5 137.3
4.5_CWD 85.97 89.00 77.50 2.2 136.9
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Fig. 12 mAP@0.5 (A) and box-loss (B) curves of different models

2.6 FIRZEIEXTLE

SR FH A I R ZE B (CWD) , L YOLOVSs
VE R 2R, I UG H R 2.5 A9 BT R TR A S 2%
AAERL, O EIE CWD ik I3 AR o0R 5 5
Ah 2 B ERZE B 7 2 AT X L, 4390 MGD (match-
ing guided distillation ) ' Fl Mimic'*!", J v 2% A= 450 7
BT A I ¥ oy 2.5, H & 10 Al 1, CWD 7 ik 7

£ 10 ARFIRE

PR BB 7 1 25 08 T MGD Fl Mimic, Mimic %A%
JEIE I (8] (YRR DG R | 5 B AR 2% 0 AL A T A
55 PRI 22 s MGD 7 iE MO I e ms i 22 A4
BB e AR 4 5 B 7 A2 3 —E BR . Al 2
T, CWD 38 8 56 1 H AR 9 G B R AIE I 1 558 125 38 3 1Y
TG, R T TR R RE . 2R b
CWD BE % B 200l 5 | 52 AR AR 0 2 2] 0 DA 7R
1B L RIS R

Table 10 Comparison of different knowledge distillation methods

Disrifffr{j r:ihods Fy-score/ %4 mAP@0.5/% mAP@0.5:0.95/% ﬁfﬁ:ﬁfﬁ mﬁﬂf;grlﬁ/w
CWD 87.24 90.20 79.50 5.0 133.3
MGD 86.21 89.00 78.40 5.0 130.0
Mimic 86.34 89.20 78.50 5.0 131.9
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MERE . BAACRE  fEmE AT, BT oot ol gs
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T AR, T35 IR L, IKEEI (155 B A1
PR3 (4 SCRARFAE AN B &85 77 A PR AROBER 25 1 1, K
BEIG5 OB AR kL DX 8 5 5 SO0) LU BERRAIR , S8R 321
GEORE I . PR, 7 55 006 R TR T B AT
JRBEN 5 R 0 A TR ARG, BRI & 2T
HTWMEMET AR EREY G RS T 77%,
W SMPD-YOLO B &85 () 53 1E W e 1, 5 2
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Table 11  Detection results under different noise conditions %
A 1 Recall mAP@0.5
ok e - -
Disease type L 0t = T (o8 EEpl i TR
Strong light Low light Gaussian blur Strong light Low light Gaussian blur
JTA % All diseases 77.60 81.00 82.70 85.40 87.40 89.00
JKBEH Gray spot 78.50 78.90 81.60 86.40 87.40 89.00
F k% Powdery mildew 81.50 79.20 81.70 85.00 84.00 86.50
IR Rust 74.70 80.00 84.60 84.90 87.00 90.50
PR AL Scab 75.80 85.90 82.80 85.30 90.70 90.00

5O
Strong light

BEE

Original image
w0 5] [ T [5R RET Ah 0 A R TR A AR A BE . Yellow circle and the red circle respectively represent the missed detection and false de-

tection of the diseased spots.

TR

Gaussian blur

EED
Low light
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Fig. 13
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Ry 06 SIE AR B AR AN [ A RS 5 L SEEHE RE L AR
WF5E 45 B #E GPU (GeForce RTX 4060, 8 GB A% .

Comparison image of results under different noise conditions

NVIDIA GeForce RTX 3060, 12 GB % #¢£) 5 CPU
(Intel Core 19-13900HX) ¥R EE T , % 1 000 5k 32 &
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SR i g v fF CPU B BE K, 748 FPS ik %
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Table 12 Comparison of frame rates across different

hardware platforms i/ s
TR ISt piygpps R
Fluctuation
Platform type Processor Average FPS
range
NVIDIAGeFor-
GPU 133.3 +2.8
ceRTX4060(8 GB)
NVIDIAGeF
GPU olabetor 102.4 +2.1
ceRTX3060(12 GB)
CPU IntelCorei9-13900HX 30.1 +1.6
A \A
3 =

SR 3 G DR v A B U X SR 22 5 K
e B R A WS e SE bR SR = R A
K MRS A R i Ak 5 92 i 1k =2 1) e D S B RL OF
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A pruning and knowledge distillation-based YOLOVS lightweight
method for detecting leaf diseases in apple

ZHANG Shuaiping,, SHI Lei, ZHENG Guang, WANG Huixin, YIN Fei

College of Information & Management Sciences, Henan Agricultural University, Zhengzhou 450046, China

Abstract A lightweight, real-time model of detecting leaf diseases in apple, named as SMPD-YO-
LO, was proposed based on YOLOvVS8n to solve the problems in existing methods of detecting leaf diseases
in apple in terms of accuracy, real-time performance, and robustness under complex and noisy environ-
ments. The spatial pyramid pooling fast cross stage partial CSP (SPPFCSPC) module was embedded into
the backbone network to enhance the capability of feature fusion. The minimum point distance-IoU (MPD-
IoU) was introduced as the bounding box regression loss function to improve the accuracy and convergence
speed of the model. The model volume and floating point operations were further reduced via layer adaptive
magnitude-based pruning (LAMP). A channel-wise knowledge distillation (CWD) strategy was used to
boost detection performance. The results showed that the improved SMPD-YOLO model had a mean aver-
age precision (mAP@0.5) of 90.20% and a frame rate of 133.3 frames per second (FPS), while the weight
and FLOPs of model was 5.0 MB and 7.3X10°s™!, respectively. The improved model maintained excellent
robustness under complex and noisy environments including strong illumination, weak light, and blurred im-
ages. It is indicated that the SMPD-YOLO model combines high accuracy, lightweight design, and real-
time performance, enabling the efficient detection of leaf diseases on resource-constrained equipment.

Keywords apple; detection of leaf diseases; YOLOVS; lightweight ; adaptive magnitude-based prun-
ing ; knowledge distillation
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