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Strawberry leaf disease detection method based on improved YOLOv8n

XIA Shunxing, NI Ming, LUO Youlu, HE Yinghao, ZHAO Taotao
(College of Information Engineering, Sichuan Agricultural University, Ya’ an 625014, China)

Abstract: In order to improve the detection ability of target detection models for strawberry leaf diseases in orchard
environment, this study used the YOLOv8n model as the baseline model, introduced the dynamic convolution module to re-
place the third convolution layer of the backbone network and part of the C2f module of the neck network, introduced the
GSConv and Slim-neck module to replace the convolution layer and part of the C2f module of the neck network, and intro-
duced the content-aware reassembly of features (CARAFE) operator to replace the nearest neighbor interpolation method in
upsampling. An improved YOLOv8n model named YOLOv8n-DGC was proposed to improve the detection accuracy of straw-
berry leaf diseases while maintaining the lightweight of the model. The results showed that the mean average precision when
the intersection over union (JoU) threshold was 0.50 (mAPs,), the mean average precision when the JoU was between
0.50 and 0.95 (mAPs,. s ) , precision and recall rate of the improved model YOLOv8n-DGC for strawberry leaf disease de-
tection were 2.5 percentage points, 1.5 percentage points, 1.6 percentage points and 1.6 percentage points higher than those
of the baseline model, respectively. The model size and parameter quantity increased by 3.2% and 3.3%, respectively,
while the number of floating point of operations decreased by 8.6%. Compared with models such as Faster R-CNN, SSD,
YOLOvSs, and YOLOv7-tiny, the YOLOv8n-DGC model better achieved a balance between detection accuracy and effi-

ciency, and was more suitable for placement in lightweight
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Fig.1 Dataset image illustration
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Table 2 Effect of replacing Conv with DynamicConv at different locations on the performance of strawberry leaf disease detection

B e mAPs(%) mAPs . o5( %) KifiZ (%) AEH(%)  BEF/NMB)  BHdE(M)  FRERE(G)

1 86.5 57.6 85.9 82.3 6.5 3.1 7.6

2 87.4 57.8 83.9 84.7 6.5 3.1 7.4

3 88.2 58.2 87.0 83.5 6.5 3.1 7.4

4 87.2 58.0 85.2 84.1 7.0 3.3 7.4

5 87.8 58.3 85.5 84.6 8.3 4.0 7.4
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RETEAN R R ORI R b e 43 0 5 3k () 5 AR, il
RRHEREREEZ D Z R EAR R, 1R T 2 R
FROERY RIS BE ST, XA B T4 m A B0 AN ) RUEE )

5 Neck W25 R AER4> C2f R4k C2f_DynamicConv
Jor B ] e A I o AR I A R ) 5 e a5k 3
Jis . ISR LUE ) B 45 | BB B g i i
FARLI ) mAP s, ;mAPy, o B 25 50 1) 350 40 i 4
LT ASE S0, 7 AN E A 2.3 AN 3R B
RUR /NI B i A 3, (AR f s 5 i T %
3.9%,

R 3 Neck MERIRS C2f R E 4 C2f_DynamicConv #E 3R [5 1B B8 14 8k Lb 45

Table 3 Comparison of model detection performance after replacing some of the C2f modules in the Neck network with the C2f_DynamicConv

module
C2f DynamicCony mAPs, mAPs . o5 LIRS PENCIE S RN E e e RN Ry
- ’ (%) (%) (%) (%) (MB) (M) (6)
- 87.1 57.5 84.7 85.1 6.3 3.0 7.7
Vv 88.2 58.2 87.0 83.5 6.5 3.1 7.4

“ =" FRALAE Backbone JILA DynamicConv, “V” 7R 7E Backbone il A DynamicConv L K fE Neck fill A C2f_DynamicConv, mAPs, 37528 3 L
(IoU) BB 0.50 I 1)V XK5 BEYIE s mAPs . o5 R ToU BIETE A 0.50~0. 90 4V XKGBE I,

2.3 HENKI

AN (] 4R OGS RS DN B 52 Ml 11 9
WIRLIR AR 4 s, IR AT LUE i, R Dy-
namicConv 455 3 4~ Conv B A1 C2f_DynamicCo-
nv Bt Neck #8070 C2f W75 1 )5, BEBUXS Bk i
i F ALY mAPg, .mAPg, o5 A7 1015853 531] L THEASE
R4 0.8 AP AR0.5 DA 1L.3 A
BRI/ N RIS B0 oy B B 6. 3% 1 6. 7%, i
BRI 6.2%, HhF A GSConv 4 FLA
Slim-neck RN T 2 J BB B AR F 5 35 A6

TR mAPs, \mAPs, . o 3 1013853 5] b AERRE AU 32 15
0.9 NEFF 0.5 AN EH 43 5UF 1.4 N H 43 a5 LAY
KN S KV s R A ik 4. 8% (6. 7% il
6.2% ,iX K] GSConv 15 HN 151 BUKE B2 A — 2 A {2
HEVE R, TR) B A ofe A 2% i 2 e, S h R
CARAFE 317 LSRRI 58 3 5, 158 B0 X B g
W 0 A ) mAPgy \mAPs . o5 A3 813853 351 U Ak
HERAIE = 1.1 S E 43,0, 8 N HE 43 AR 0.3 4>
H A3 BRI /N S B ST a5 3s SR 1 4y ) 3
4.8% 3.3%H 3. 7% , Ui CARAFE &7 i FH iE
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U/ R R AN /NI B R AR B R iR
FEAE (R BB SE 3 | B 255t 4 2 R A R A o
s X A5 B [ B ] DynamicConv 151 3t F
GSConv BEHUHAT R I 7 ZE 4 J5 , BRI B A Fr
o R Y mAPy \mAP, . o5 3853 391 Ho L AR
TSR 0.5 N E A 0.8 N EM 1.1 AA 2
SRR /NN S s e AR b, TR S B D
11. 1%, [FIEf A H CARAFE 5 DynamicConv #He s
RIG(IrEE 5)  BAD RURE I B FE ARG ) mAP, |
MAP, . o5 B IR0 5] LU B MERE R 2 1.5 N E 4
R0, 8 AN E TRV 1.0 AN E 4 A, BRIV S L
HEO BN 11, 1% 1 10. 0% , 1M ¥ 55,35 54 12 e 20
2.5%., [AIF ] CARAFE 5 GSConv #8205
(7% 6) , A5 A XF 545 it R 5 3 A I 9 mAPy, |
R4 BRHBRER

Table 4 Ablation test results

mAP, . o5 A PR35 bb AR B3R 57 0.2 N 43
R0 T AN E AT SR 1.0 AN B 4005 BRI S8
AR s B g s O 1.6% | 3. 3% F
2.5%. [FIESHFIH 3 AR e i 7 58 7, AU X AL
FEI 9 RN ) mAP, ;mAP, o5 NGB R FH 1]
RO R ER AR B 2.5 N E AL LS N E S
RO 6 NESTEFN 1L 6 AN E 4 A BRI/ NS 5
O BB 3. 2% A1 3. 3%, 1M ¥ a8 B b
8. 6% ,gZ%%%o XU B DynamicConv o FH AE 1
SR A5 FR 2 0T Jr) 8 R 4 JRy REAE () $2 HUiE 77, CARAFE
(A A P RE A PR SR A o 2 v 200 Y9 SRR A 174 50 3 | A
FUAERAAE 2 ORI 2 B0 1 B ek (40 335 o7 1A v A
PE PR TRIRI S R RS A R TR S
TR my i i A

e mAPs, mAPs . o5 % Pl (X NUN SRR FRIBHEE

(%) (%) (%) (%) (MB) (M) (G)
O(FEAET ) 85.7 56.7 85.4 81.9 6.3 3.0 8.1
1 86.5 57.2 85.0 83.2 6.7 3.2 7.6
2 86.6 57.2 86.1 83.3 6.0 2.8 7.6
3 86.8 57.5 86.9 82.2 6.6 3.1 8.4
4 86.2 57.5 86.5 81.7 6.3 3.0 7.2
5 87.2 57.5 86.5 82.9 7.0 3.3 7.9
6 85.9 56.8 85.5 82.9 6.2 2.9 7.9
TR 88.2 58.2 87.0 83.5 6.5 3.1 7.4

mAPsy ;mAPs . o5 W33,

2.4 YOLOv8n =& 5 # %2 YOLOv8n-DGC
B 0 S8 SR X b

P ERE A YOLOv8n-DGC Hl R &I YOLOv8n
X RLAE I o A R A B 10 s, MR
ATLLVE Y SR S A AR TR R R AN R g 0 o Y
Tk R SRR B F O EAE A it & .
UL 5| A B 2485 45 FLURR N o AR T8 X6} 52 2 7 55 A
FREAS h B RE I R s I AR IE 4 ORN 2 ) g
I GSConv BEFEARAR R (1) S 40 i | P2 5 155 20 1
HEFA fE S5 FIFH CARAFE %5 7 8 4 f 1t 4 4 {8
Db AT FoRAE 45 B A i e 3 B R AR AR B
Ty B B R e 3 DT A 25 e ) 485 A8 R i 0 SR
T IEAE AL & 11 A A AR ECT , YOLOV8n-
DGC AR YOLOv8n A5 51X 55 45 i - 35 A )
() SF- X5 RS BE B (E AR fR R AE . N mT UE Y, &

LRI GRERT, 2 DB mAP TF iR
P 5B AR BGE 500 Y, 2 S RLER T
FaE , H2EREH &
2.5 i YOLOvSn 5EHMERNESH FRE
T i1 BE bE 48

Mt YOLOv8n #i ( YOLOv8n-DGC ) 5 HoAtl A5
Bl Faster R-CNN, SSD. YOLOv5s, YOLOv7-tiny,
YOLOv8s , YOLOv10n 45X B %% i o T A il P B Y
P SRR 5 s, MWK A LLE Y, Faster R-
CNN Fll SSD A& # Xof R4 - 1y 35 R 1) 1 24065 32
BIE (mAP ) 35N 59.8% F1 58.29% , H B H R Al
TR FR K AN BRI 2 R I s 3 A ) 1)
FEESR . YOLOvSs A5 i) o 5 0 9 3 1R 00 1Y)
FEIREREBIE (mAP, ) B, 1K 87. 7% AH S A
TERB B AR RIFEECK, 230318 YOLOv8n-DGC A5 !
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R 1. 94 4% 3. 58 fi5 A1 1. 76 1% 3. 84 1%, HKZI
FR-F- 24085 B2 4 {EL (mAP, ) 73 51 HE YOLOv8n-DGC 4
AU 4. 4 A E A4S 1.3 A A0 45, YOLOvIOn 45

YOLOvVS8n
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Fig.10 Comparison of the detection effects of YOLOv8n and YOLOv8n-DGC
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Table 5 Comparison of the performance of different models for strawberry leaf disease detection
Al mAPs mAPs; . g5 i ES FEJIES FERIR N SR JEISR N
(%) (%) (%) (%) (MB) (M) (G)
Faster R-CNN 59.8 29.9 41.5 72.2 108.2 136.7 369.7
SSD 58.2 32.3 82.6 37.7 91.6 23.8 60.9
YOLOvSs 87.7 58.1 87.9 84.8 14.4 7.0 15.8
YOLOv7-tiny 83.8 52.5 84.6 79.8 12.3 6.0 13.0
YOLOv8s 86.9 59.9 87.7 82.8 22.6 11.1 28.4
YOLOv10n 84.7 54.2 84.6 80.7 5.5 2.7 8.2
YOLOv8n-DGC 88.2 58.2 87.0 83.5 6.5 3.1 7.4

mAPs, mAPs . o5 W3R 3 1,
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