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Lightweight detection algorithm for tomato leaf diseases
based on GDDL-YOLOv8n
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(1. School of Physics and Electronic Information Engineering, Ningxia Normal University,Guyuan 756000, China;

2. Laboratory of Solid State Microstructure and Function, Ningxia Normal University,Guyuan 756000, China)

Abstract: In order to solve the problems of low accuracy and poor effect of tomato leaf disease detection in natural
environment, a tomato leal disease detection model based on optimized YOLOv8 was proposed, namely GDDIL-
YOLOv8n. In this model, the original backbone network is improved by using GhostHGNetV2, C2{-DWR-DRB is
used to improve the neck network feature fusion, and the Lightweight Shared-Convolutional detection head (LSCG) is
innovatively introduced. The lightweight and high-precision detection effect of the model has been successfully realized.
Experimental results show that the GDDL-YOLOv8n model decreases by 49.13% in the number of parameters,
37.04% in the amount of computation, and 46.67% in the memory occupation of the model, while maintaining the
high-precision detection performance, with the mAP@0. 5 reaching 98. 4% and the mAP@0. 5-0. 95 reaching 92. 3%.
In addition, a user-friendly interface system based on PyQt5 was developed, which supports image and video detection
and camera real-time tracking and recognition functions, and the intelligent management of agriculture and the
identification technology of tomato leaf disease have been significantly enhanced, and the model is lighter, which greatly
promotes the application of these technologies in actual production.
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Fig. 1 GDDL-YOLOvV8 model structure
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Fig. 2 Module structure diagram
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Table 1 Comparison experiments of different models

ipidl mAP@0.5/% mAP@0. 5-0. 95/ % Params Size/M FLOPS/G FPS/Hz
YOLOv5 98. 2 92.1 2 504 699 5 7.10 130. 3
YOLOv8n 98. 4 93.0 3007 403 6 8. 10 206. 3
YOLOv10 98.1 91.8 2 266 923 5.9 6. 50 161.0
YOLOv11 98.1 92.7 2 583 907 5.2 6. 30 151.1
SSD 98.0 92.2 22 286 903 9.8 62.79 59.0
RetinaNet 98. 4 92.9 22 415 620 14. 6 34. 35 11.0
GDDL-YOLOv8n 98.4 92.8 1 530 000 3.2 5.10 143.7

T B RS [) 3 X AR R B A R 2 BROUTLAS A AR
TR F T L FEATHERRXS IR g, gk 2 s, ARk
5 EfficientViT. Timn. Fastermet I GhostHGNetV2,
Fastermet Al GhostHGNetv2 7 mAP@ 0. 5/% F 3 %1 &

FN98. 7% . SR 1 GhostHGNetV2 i /b5 5% &
ft. H 8B #E [, GhostHGNetV2 i FLOPS/G #x ik
6.8 G, R IL AP FE Tl . 276 % J& GhostHGNetV Jiit
T H Kk e A R

%2 FRETFAAMEN LR

Table 2 Comparative experiments on the performance of different backbone networks

F T M % mAP@0. 5/ % mAP@0. 5-0. 95/ % Params FLOPS/G
EfficientViT 98. 6 92. 6 4010 027 9.4
Timn 98. 6 93.5 13 327 979 35.1
Fasternet 98.7 93.1 4173 935 10.7
GhostHGNetV2 98.7 93.3 2 310 463 6.8

C2f BEHXT YOLOVS BRI & e B2, B AR T
R e IR (N U ST PR 5 K s A IR A OE YT IRV
T USRI, C2f FHe i HF AT Rl A R 38 58 T R /] oK
NP BRI RO . Ik 3 B AR SO LT 7 Bl C2f Bk
PR, 45 C21-EMBC, C2[-IRMB-DRB %, S8 W7R .

C2[-DWR-DRB 7 mAP | £ M & %, mAP @ 0.5/ % #i
mAP@0. 5-0. 95/ % 43 Bk F 98. 4% A1 92. 3%, i B ALK
WE L. FLOPS/G {HM 5.7 G, i A 7 2 bt 4 3 1Y 1 3
5. BR C2-DWR-DRB S 58 AN 2 & /b, (B H Ak
JE RN W25 A R B Ok e ARk

R3I AE CoH g EBRMERERT L LI

Table 3 Comparative experiment on the performance of different improved C2f modules

C2f Mk mAP@0.5/% mAP@0. 5-0. 95/ % Params FLOPS/G
C2{-EMBC 98. 3 92. 1 3351 611 6.9
C2{-iRMB-DRB 97. 8 91. 4 2 658 843 7.3
C2{-iIRMB-Cascaded 97.9 91.7 2612 915 7.2
C2{-SWC 98. 3 92.2 3178 811 10. 8
C2{-RVB-EMA 97.4 91. 6 2 288 507 6.4
C2f-Faster-CGLU 97.9 92.1 2 224 295 6.2
C2{-DWR-DRB 98. 4 92.3 2 845 227 5.7

e 35



o548 4 W F

o

2

=3

#OAR

9T TR AN RGN Sk et Xof A 0 e ) EL AR R i L A 4
FR % Aux. EfficientHead .SEAMHead 1 LSCG U Ffi 48 i 3k
HEAT THEREXT LLSC IR, UG EE R B, LSCG R B R ek

AN B T W B LS. EAUERS T K
R DA B2 3 HL A8 B0/ i S8R0 I o T80 X S
ST LSCG LERUAGIAT 55 H A FHAR ) B 4%

R4 TEEN KR X b L

Table 4 Comparative experiments on the performance of different detection heads

o Sk mAP@0. 5/ % mAP@0. 5-0. 95/ % Params FLOPS/G
Aux 98. 6 93.2 3007 403 8.1
EfficientHead 98. 4 93.4 3 837 227 8.1
SEAMHead 98. 6 92.8 2 819 243 7.1
LSCG 98. 6 93.3 2 362 908 6.5
2.6 HERIZIE A FH RN T B, H mAP @ 0.5/ % 11 %2 & 16

h T VA AR R Bt B A R L T YOLOVS #4711
RSz, B B T GhostHGNetV2, C2f-DWR-DRB I
LSCG 8, % 5 M4 B/R, XM A4 Bk
TR RS S 8om R Bl [ L o 52 me A il
RS, FRRIRBA 8, ERlA T 3 s, )RS i 3

x5

98. 4% . HHEMIEHIA 8 755 A 5 TS T A B
BT AR/ 3.2 MO MERE LS /D T 46. 67 %, 25K
B 1530 000 M FFET 49.13% . FLOPS/G 4 5.1 &1
T 37.04% ., ikSEHHEHE AT 8 O = A TDRG B2 1Y )
B, T3 T R R /N i 3 B A7 BR 1 g PR
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Table 5 Ablation experiment

BB GhostHGNetV2 C2£-DWR-DRB LSCG  P/%  R/% mAP@0.5/% Size/M Params/M FLOPS/G
1(base) 96. 9 95 98. 4 6 3007 403 8.1
2 N; 97. 6 94. 5 98.7 4.7 2 310 463 6.8
3 N 97. 4 94. 4 98. 4 5.7 2 845 227 7.8
4 J 96. 5 95.3 98. 6 4.7 2 362 908 6.5
5 N N 95. 8 95. 6 98. 4 6.7 2 174 495 4.5
6 N J 96. 6 95. 4 98. 7 3.4 1665 968 5.3
7 J J 97.7 95.5 98. 7 4.5 2 226 940 6.4
8(ours) J N N 96. 6 95 98. 4 3.2 1 530 000 5.1

% 6 /R T GDDL-YOLOvS8n 7 £ 2 51| E (455 7k
B8, oS 8 (P) L 4 11 3 (R) . mAP50 Fl mAP50-95 %
KRBT 80% LA b, 3 WAL ELAG A oo e ) v B RTAR IS A
WS IR AR, BRI ML, 72 Spider Mites” 2 Ji ', mAP50

xe6

fEIRE] T 0.995, Won T oy et . AR & 8
T () e (AOSE B B R (mAP@0. 5) 9 0. 984, 3X 7% T HAE
R A 55 vl iy b 2 B, L& v N A B R o A [l R R —
MR TR
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Table 6 Validation test results

Class P/ % R/ % mAP50/ % mAP50-95/%
all 96. 6 95.4 98. 4 92.8
Early Blight 98. 1 94. 2 98. 3 93.7
Healthy 93.7 88. 6 94.7 82.4
Late Blight 98.8 97.7 99.4 94. 2
Leaf Miner 99.2 95.2 98.7 90. 7
Leaf Mold 98.1 94. 1 98. 4 92.4
MosaicVirus 98.1 95.5 98.9 92.2
Septoria 96. 3 100 99.5 96. 8
Spider Mites 93.2 99.1 99.5 97.2
Yellow Leaf Curl Virus 94. 1 94.3 98.2 90.9
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Table 7 Generalisation experiments
i P/ % R/% mAP@0.5/% Size/M Params/M FLOPS/G
Ji YOLOvV10 72.2 62.6 66. 4 12.1 8§ 037 282 24.5
YOLOv8 68. 4 63.3 64.8 6.0 3 006 233 8.1
AL 72.3 62.8 66. 4 3.2 1529 610 5.1
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