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Detection method of corn bell mouth based on improved

Yolov5s
LI Wengiang, SONG Xuehang, SONG Zhonggiang, LU Shili, HU Qiaonan, WANG Yaling
(College of Science, Henan Agricultural University, Zhengzhou 450002, China)

Abstract: [Objective] This study proposes an improved YOLOvV5s algorithm model
for maize trumpet - stage detection. The primary goal is to construct a lightweight model
network structure while simultaneously augmenting the detection accuracy, which is
crucial for enhancing the efficiency of precise maize spraying and mitigating
environmental pollution. [ Method] In the context of the YOLOv5s network structure,
the FasterNet structure is first utilized to substitute the C3 structure within YOLOV5s,
thereby attaining model lightweighting. Subsequently, an in - depth exploration is
conducted regarding the influence of Squeeze-and-Excitation (SE) and Convolutional
Block Attention Module (CBAM) attention mechanisms on model performance when
they are positioned at diverse locations within the backbone network. Finally, a
comparative analysis is carried out on the impacts of CloU, EloU, and WIoU loss
functions in YOLOv5s on model precision. [ Result] The experimental results of
attention mechanisms comparison reveal that the CBAM and SE attention mechanisms
can enhance the model detection precision at specific positions. The highest precision
can reach 89.1% and 88.8% respectively. However, when both are incorporated into the
backbone network simultaneously, the precision unexpectedly declines to 84.6%. In
contrast to CloU and EloU, the application of the WloU loss function is more effective
in promoting model performance, with the precision and recall reaching 87.5% and 89.7%
respectively. After the improvement, the mAP@0.5 of the model on the detection dataset
attains 92.3%, which represents a 4.5% increment compared to the original YOLOV5s
(87.8%). Additionally, the number of parameters is reduced by 18% and the
computational cost is decreased by 21%, while maintaining a relatively rapid detection
speed. [ Conclusion] The improved algorithm demonstrates excellent performance in
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the maize trumpet - stage detection task and is capable of providing support for efficient
and accurate spraying decision - making under the constraints of limited computing
resources. This research not only offers an innovative solution for agricultural precision
spraying technology but also lays a solid technical foundation for the development of
future intelligent agricultural equipment.

Keywords: Corn Whorl; Object Detection; YOLOv5s Algorithm; Precision Spraying
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Table 1 Experimental Hyperparameter Configuration

S AR HUE S AR HUH
Parameter Name  Value Parameter Name Value
)R IERIREL

Learning Rate 0.01 Number of Iterations 100




i PN

Momentum 0.937 Image Size 640*640

L 2 ik E SRS %

Weight Decay ~ 0.000 5 Learning Rate Decay cosin
Strategy

AN

Batch Size 16

2.1 MR

9 1 B D) 8% 5 A o T oK Rl WA 1 RS I R HE A, A B SR P TR R T R A A R
(Precision, P) . #A[E%* (Recall, R) . ¥JME P E (mean Average Precision,
MAP) SKITAL S &R . [FIIN A T VP A% X 2% 2242 3 o 38 2 B T A7 10, ACBATR LA J7 TN
BRI REREAT VEAY: 1 5, A AL [A) N AL B ) G B (WiER, FPS) R S5t Ay
BRI R, Hok, FFIF AUEEH (FLOPs) AIFiAI ¥ & (parameters) K3FfhifE
RS  R FEAIRASE . JmAPAYE Y B RY () T2 EAT AR AR, A IR bR 1 Bk
W F R

TP

P = (15>

TP;—PFP
R = (16>

TP+11'7N

mAP = ————

n; 21]21‘4})1 (an

1000
FPS = (18)

PreThime + I”fe”Time + NMSTime

AH: TP (true positive) AT IERfG I IEFE A $E; FP (false positive) > Filill4s
R IEFEAR I EE; FN (false negative) SNAEAS A AR AS I H Sk B IEFEA ) B FPS
F&HFbatch-size N 321K 244 FizH 1 .
2.2 BEUEFTMELEERIEXTLE 54

¥ Y OLOVSSHR A (1) 3= - ¥ 4% Hh (1) C345 4 B i  C3-Faster4i#y, £ il 45 fg HvERE
W2~ . HR20A, ot 5 1% &4k W 4% YOLOVSs-light iz 5 &, 8RS
BByl N FE 7 15%H118%, HAEAAGIMIEER 7 — & Wi, (HEMEEIK T 2.5%.
W 2 1) 2 A AR PR AR Y 52 R FE B[R] INE, ANl S 2 R BUER 2RI N, BIh 1 9R%h
HERf R AR, 7% EAE R R W 2% 0 Bl bt A7 etk .

R2 MFRENXRIEXE
Table 2 Network Lightweighting Comparison

Rt SFIRE R R EIRE B (SN SR E
YIEI% /G /fps /Mb M

Model mAP Flops FPS Size Params

P HEAR Y

YOLOV5s 87.8 15.9 24.4 13.7 7.01

Sk AR A

YOLOv5s-light 85.3 12.6 26.0 11.3 5.78
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Table 3 Attention Mechanism Experimental Comparison Data

Rt PRIFEEY) R HRE SHHNE FABHEK

Model 1H/% /fps 1% IM /G
mAP FPS Recall Params Flops

EHRFALEL 85.5 19.9 84.0 57.8 12.6
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CBAM_4+SE_4
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Table 4 Loss Function Experimental Comparison Analysis Data

it PIKEREY) RN R WIE dERER A H 2
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Fig.8 Loss Function Comparison Curve
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Table 5 Ablation Experiment Comparison Analysis Data
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Fig.10 Detection Results
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