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DBG-YOLO algorithm for precise identification of

corn leaf diseases in farmland environments

MA Haizhi'?, LIU Yongmin'?*, XU Zhuonong?>3, DENG Weihao'-?

(1. School of Electronic Information and Physics, Central South University of Forestry and Technology, Changsha,
Hunan 410004, China; 2. Smart Forestry Cloud Research Center, Central South University of Forestry and Technology,
Changsha, Hunan 410004, China; 3. School of Computer and Mathematics, Central South University of Forestry and
Technology, Changsha, Hunan 410004, China)

Abstract: To effectively prevent corn diseases and monitor corn leaf growth, the DBG-YOLO detection algorithm was
proposed. Based on YOLOVS, the C2f module in the backbone was replaced with DynamicConv, enhancing the model’s
capability without increasing its depth or width. In the neck network, the global-local self-attention(GLSA) mechanism
was used to capture global context while retaining local details. The bidirectional feature pyramid network(BiFPN)
module was introduced to reduce parameters and improve multi-scale feature fusion, thus enhancing the detection of corn
leaf diseases. To accelerate convergence, the exponential moving average(EMA) was introduced to the IoU threshold in

SlideLoss, improving robustness while reducing false detections and missed detectinos. The results showed that
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TEERN: MREE1999—), B, BIMRUEA, B-aed:, FENFRIRAHE . A TGP, 1147335268@qq.com; *fE1EH, X
R, 4, #d2, TRNEREES . FERIIE, T20040550@csuft.edu.cn
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compared with YOLOVS8n, the precision and mAP@50 of the DBG-YOLO algorithm were increased by 5.8 percentage

points and 6.6 percentage points, respectively. Meanwhile, the floating-point operations(FLOPs) and frame rate of the

algorithm were reduced by 11.5% and 43.5%, respectively. In summary, the model proposed in this study

comprehensively improves the accuracy of corn leaf disease detection and has good robustness, providing a reference for

the deployment and application of corn leaf disease detection model in mobile detection devices.

Keywords: corn leaf diseases; YOLOv8; DynamicConv; deep learning; object detection

TSR AN Y EE R E 22—, £
ORI AR BRI = il EE R R —HE
K R, B, U R AR RE S
BRARIEOLT , nIREXT A 25 sl 2
I, FEFRA KRB B, KRB A
X BRBR KA e R B O E R AR, IR
AR T2 R F AT 5T A F ORI - FE AR
W ARAERHI A BERANTR], AR 225
K, —FEELIR-CNNBI | Fast R-CNNM Al Faster
R-CNNEEA ORI BAGII AL . XRETL LI A
FEEFR, (A PRI & A5, TR,
HAEH ., SRR B, REERRa
FEYOLOW Z 4 (UYOLOV3 ., YOLOv4)FI1SSD(single
shot multibox detector) 45, XA 1o HL— R B[]
IESER AR RIS 2E, ELASE . SR i
o Fn, RIS ARepGhostNet, BT /1%
MR YOLOVSn#SHY | FFRGINAL I o, o
FEH%0790.1% o YASIN 25 PVF] 45 A #it & 00— 14k
(batch normalization)fH IJCNNIEA AR F KM
AR, A RS 2H90.89% F192.21%, MG
FREFIOME W T —Fp e () YOLOVT AL, il 51 A
GhostNetV2, PConv. D-LKA 5CARAFEfi, Bk
FEEIRT2.1%, S8R 518 0 B8/ 43.4% 1
37.0%, T RGINRCE S HERR T

ARIL T IR E 2 20 1 Tk F 2290 3546 I 5
RELN TR, HHARIBAELL T AL
1) B 4 RS L A E KM Fos R

IRBE

B SRS

FIER BT R R PR, MELUA SR A 4
PRI R SRR E(s B, PEOD . R
/INEFE I RE A 2

2) BiFiae 2z, ZHIEMSEHREER . RE
Ak MEREAER R, A RIRTEE A TR
AREFNZALRE 855, RBIRCR TR

3) EUGE AT PR o KA K 75 R e xf:
DIREL, Bl A 2 BRI T 5895 I SRR e i
PEfE.

S, ABIFSE B SR FHYOLOVS M 28 A 4%
TEFRIUMZS , FEAERA B T ML C2EERH 5 AZ)
45 DynamicConv; vk, 78308 W 2% o i A
GLSAVEE JIHLHI FIBIFPNAFAE Bl AR, [R5 A
P2 REEMA-SlideLoss; fief5, #&HDBG-YOLO
TUNGELS, FFEFOKM i R A o iz A ik
1Tk, DUSCEIN TN 28 rRs )
1 MEES
1.1 HBIEE
L1.1 HBELERR

AHIFFE A BT A ORI s 8 AR M 4
SKIE T Kaggle™ ik | Corn or Maize Leaf Disease
Dataset/y FF R 4R o LB AR % T KBS K114
1 2785k . AEZERIEIGRL 2755K . BEH SRk 4l U

FEIE1 2005K . FEHB DT RO 1 0685K FI4 1&]
1811325k, o EURE 1R .

L BT

Bl EXRMAREEGRA

Fig.1 Example of images of corn leaf diseases
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Fig.2 Images enhancement effects for corn leaf diseases
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Table 1 Parameters of corn leaf disease dataset
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Table 3 Performance comparison of different convolution methods

ERBR FRRE% SHE paitire ORI

i JCBTR Wi Wb iORA g TGN (10°1)  GFLOPs  (Wish)  Hlf%
YOLOv8-Conv 78.4 72.6 88.1 81.0 90.3 3.1 8.7 309.8 82.1
GroupConv 76.6 70.3 84.2 76.2 88.2 2.2 6.2 258.3 79.1
WTConv 77.2 70.5 86.7 77.3 88.9 2.6 7.3 138.8 80.2
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Table 4 Performance comparison of different attention mechanisms

HE AT HUH FEIRRE % B T e
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None 78.4 72.6 88.1 81.0 90.3 3.1 8.7 309.8 82.1
CA 73.9 76.2 81.3 84.0 89.1 3.0 8.1 308.1 80.9
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Table 5 Performance comparison of different algorithms

e KW/ %  BREZE% mAP@50/%  mAP@50-95/% TP ITEEY GFLOPs  BHR/(1091Y)
Faster R-CNN 69.2 59.3 68.5 54.6 2393 414
YOLOvS5s 75.8 68.6 77.9 51.7 7.1 2.5
YOLOV7-tiny 77.3 70.6 79.4 54.6 13.0 6.0
YOLOvSn 79.5 72.6 82.1 56.1 8.7 3.1
YOLOVSs 80.8 76.7 84.1 60.3 28.7 111
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DBG-YOLO 85.3 80.1 88.7 63.3 7.7 3.7
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Table 6 Results of ablation experiment

DynamicConv ~ BiFPN GLSA  EMA-SlideLoss Fil% mAP@50/% WiZ/(Wi-s™)  SEER/(10°1) #(‘iiri?/
x x x x 76.1 82.1 309.8 3.1 8.7
N x x x 77.2 83.3 2172 44 6.9
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N N v x 82.1 87.8 159.5 3.7 7.7
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