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Wheat Spikelet Detection of Fusarium Head Blight Based on
Improved YOLO v8s

SHI Lei'®> YANG Chengkai' LEI Jingkai' LIU Zhihao' WANG Jian' XI Lei'> XIONG Shufeng'

(1. College of Information and Management Science, Henan Agricultural University, Zhengzhou 450046, China
2. Collaborative Innovation Center of Henan Grain Crops, Zhengzhou 450046, China)

Abstract; To achieve rapid and accurate identification of fusarium head blight on wheat spikelets in
complex field background, a wheat fusarium head blight image dataset comprising a total of 640 images
across three growth stages: flowering, grain filling, and ripening of winter wheat was constructed.
Additionally, a wheat spikelet fusarium head blight recognition method based on an improved YOLO v8s
model was proposed. Firstly, using the omni-dimensional dynamic convolution (ODConv) to replace the
standard convolution in the backbone network enhanced the network’s extraction of features from target
regions and suppressed interference from cluttered background information. Secondly, an improved
Efficient RepGFPN feature fusion network was utilized in the neck network to integrate low-level features
with high-level semantic information, enabling the model to extract richer feature information. Lastly, the
enhanced intersection over union (EloU) loss function was employed instead of the complete intersection
over union ( CloU) loss function to accelerate model convergence speed and further improve model
accuracy, thus achieving rapid and accurate identification of fusarium head blight on wheat spikelets.
Model validation on a self-built dataset revealed that the improved model (OCE —YOLO v8s) achieved a
detection accuracy of 98. 3% for fusarium head blight on wheat spikelets, which was an improvement of
2 percentage points compared with the original model. Compared with Faster R — CNN, CenterNet,
YOLO v5s, YOLO v6s, and YOLO v7 models, the OCE — YOLO v8s model achieved improvements of 36

percentages, 25.7 percentages, 2. 1 percentages, 2. 6 percentages, and 3.9 percentages, respectively.
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The OCE — YOLO v8s model effectively met the requirements for precise detection of fusarium head blight

on wheat spikelets and could provide valuable insights for real-time monitoring of crop diseases and pests

in complex backgrounds of field environments.

Key words: fusarium head blight; object detection; YOLO v8; ODConv; Neck network; EloU
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Images of wheat FHB under different light conditions

Fig. 1
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Tab.5 Comparative experiment results with

different models
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% % %
Faster R — CNN 66.5 46.7 62.3  3.697 x 10"
CenterNet 69.3 61.4 72.6  7.020 x10"
YOLO v5s 91.8 92.3 96.2  2.400 x10'"
YOLO v6s 93.8 92. 1 95.7  4.420 x10"
YOLO v7 90.5 88.7 94.4  1.051 x10'"
YOLO v8s 91.9 94.0 96.3  2.840 x 10"
OCE - YOLO v8s 95.0 94.7 98.3  2.580 x10"

YOLO v6s, YOLO v7.YOLO v8s B ¥k 7 4l &5 36,
25.7.2.12.63.92.0 /%A, Faster R— CNN,
CenterNet ] mAP Y%, Hit B & K ; YOLO v5s
BRI mAP 5 YOLO v8s #57 AH 25 A K, {H HOKS A
M ] FAH X ALK ; YOLO v6s F1 YOLO v7 !
) mAP AR BAK, HiHA &K MRS )1, Al T8
Bl iy SR 3B A s A SO $E LAY OCE — YOLO v8s
WA fe i 1 mAP O Ay A0 H 14, HAH 5 B
YOLO v8s A5 1Y A7 Jiy [ ARG , E % 1 12 5 I A I 9 5
o BIRIMMESM R ML WE 9(EH mAP@O0.5 %
7 ToU BI{E 2 0.5 B A4~ 2E5 AP f9-F-EI{E) FroR .

Faster R—-CNN
CenterNet
YOLO v5s
YOLO v6s
YOLO v7
YOLO v8s
OCE-YOLO v8s

Y2
<

20 40 60 80 100 120 140 160

ik
B9 &R mAP@O.5 A5k il 4k

mAP@ 0. 5 change curves for each model

Fig.9

Y DL L A e AR R A A ) 4G I K
RLE 10 Jgzs 1A bR B ek i S RS T 4
o o SRR A vh 2 IR A T A B A O, HLE R
JEAR T ek Je AR R T A S R AR R R s T
X [ SR AR SRR A R, SR A AR R
B, AR ST 41 B30 12 7 /I 22 /N B I o i A D B B A A
o K B2, B 6% B 48 b T /N 22 /N B I 5 g 0 AT I
LRIl
3.6 NENEFRERITHERMSH

“h i OCE — YOLO v8s #7155 YOLO v8s 5
RITE/NZE/NEETHRCES SR L 22 5%, O A 88 T /)N
A2 /NEE AR R R AE AR L T L BRI 64 R —
I 152 15 G, R J5 B B RS O Y SR A AT



%73

B E 25, LT okt YOLO v8s [ /832 /)Nl 7 5 0 6 M F 5% 287

(a) YOLO v8s, i pH (b) YOLO v8s,

(¢) OCE-YOLO v8s, T
[ 10 A5 AU A ) 25 2
Fig. 10 Model detection results
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Fig. 11 Diseased spikelet fitting results before and

after YOLO v8s improvement
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Tab.6 Diseased spikelet counting results comparison

LT R? RMSE MAE
YOLO v8s 0.933 1.88 1.36
OCE — YOLO v8s 0. 969 1.07 0.73
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Fig. 12 Healthy spikelet fitting results before and

after YOLO v8s improvement
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Tab.7 Healthy spikelet counting results comparison

gl R? RMSE MAE
YOLO v8s 0.922 1.65 1.08
OCE - YOLO v8s 0. 964 1.24 0.91
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Tab.8 Results of wheat FHB severity prediction
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