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Abstract; Corn is one of the three major grain crops in China, and precise application of weeds at the
seedling stage is crucial to ensure its yield and quality. Weeds in the seedling stage compete with corn for
sunlight, water, and nutrients, seriously affecting the normal growth of corn and even leading to yield
reduction or death. Therefore, accurate and fast weed identification is the basis for precise weed control.
Existing weed recognition in field environments is mostly based on small field-of-view image datasets, and
few studies related to corn weed recognition in field multi-row environments are seen. In the field multi-
row environment, because a single image data can cover multiple rows of crops at the same time, the
number of target objects is dense, and the recognition range of weeds is larger in a single detection.
However, because a variety of weeds are common in the seedling stage of corn, and the weeds and crops
overlap each other, the image data in the multi-row environment is more complex, and it is more difficult

to control the detection accuracy and computational volume of the conventional model. To address the
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above problems, northeast seedling corn was taken as the research object. The corn seedling and weed
datasets used for model training and containing both single and multi-targets were collected, and data
enhancement operations were performed on the datasets. The specific main content was to address the
problem of insufficient target detection speed in the process of precision application and weed control,
which led to the deviation of target application. A field corn weed identification method with an improved
YOLO v8n model was proposed by using a northeastern corn field as the research object. By collecting
pictures of corn seedlings and weeds in the field under the range of multiple rows as a training set, which
included single weeds, multiple weeds of multiple species, and the coexistence of corn seedlings and
weeds, the backbone network of the YOLO v8 model was replaced by the GhostNet lightweight feature
extraction network to simplify the feature extraction process and reduce the number of model parameters.
The weighted bidirectional feature pyramid network ( BiFPN) was introduced to enhance the information
acquisition ability of the model. Triplet Attention, a lightweight attention mechanism, was introduced into
the neck network of the model, and the loss function was replaced with Wise — IoU v3 to improve the
generalization ability and fine reading of the model. The experimental results showed that compared with
the original model, the improved model parameter count was reduced by 37.90% , the detection speed
was increased by 32. 10% , the mean average precision (mAP) was improved by 0. 65 percentage points,
the precision was improved by 1. 85 percentage points, and the recall was improved by 1.40 percentage

points. The research results can provide a basis for decision-making in herbicide reduction application.
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2.2 AEBREUM BRI TR

LA YOLO v8 H H A6 Ml 169 £ Sy K& il 199 2% , 43 5]
¥ JH  GhostNet, ShuffleNet, MobileNetV3 Fl
VanillaNet % & 9% 3 W 2% /5 4 B 80 i £+ 45 44
FRAE , 7RO F BR 32 T R0 2% 51 H At 2 8 — SRy 5E il
B EETORTE T A YOLO v8n Z B A6 Il 25 5t 4
£S5 FR.

x5 FAEBRERSERWEMEERE
Tab.5 Performance of different lightweight
convolutional neural networks

FH KW Bl KR
WYy ®/ R/ BWE/
/% % % (f-s™')
c2f 3.20 x 10° 8.20 x10° 97.15 95.15 93.00 36.20

[

=T M %
o

VanillaNet 2.00 x10° 5.50 x10° 95.18 93.82 91.45 27.90
ShuffleNet 1.70 x10° 5.00 x10° 89.52 90.52 80.70 23.00
MobileNetV3 2.30 x 10° 5.70 x 10° 92.60 88.30 85.50 24.60
GhostNet 1.80 x 10° 6.30 x10° 96.80 96.20 92.99 44.26

M 5 AT LA 1, 1 ] GhostNet fF 2 & 94 &=
T ™ 4, M AT C2f (i A A ) | VanillaNet,
ShuffleNet ,MobileNetV3 , 75 f& B I 25 45 Bff 2 F0 46
HREE 7 T B A BRI B, i1 PR E Y4 R A [
5N ZRaed F P R B R A 2 U () A G, i T 2 8
R AR bR T A 2 JBCIRE [, S i fef A€ 7Y 220 g — 26 44
TARAE  (H S AR T, 1 220K B 2 (B A A [l 32 A B AT
FEART MR H] GhostNet 19 2% i) It #5, A5 8 5 45 |
W2 BT 1.05.2.38.5.68.7.90 I~ H 43 44,
o) 8 A b 3k R 45 43 il 4 T 8. 06 ,16. 36 \21. 26
19.66 /s, FB342 F A AR Wik ) 2% 2 B0 FITE: 1
18 FHUNT ATy v AR AL ORI RE ) 85 2%, AN
19 J 300 G50 03 o B 4 0K o
2.3 HMEEH

YOLO v8n B3 1l CloU 1% 56 K, 4% LAY
BAF R BALALG RE ) , 8 f T TN AE 9 L A R
— AR XA, X RO F ST SR B R H
Wise — 10U 451 2% sR AL A R, XF YOLO v8n 58 #U %
FH Wise — IoU . GloU . CloU . SIoU A1 MPDIoU #i 2% bR
BRI FEAT A AL AG I G T o A K

2 6 i LUA R Wise — ToU J& , A5 B A I
TR T YRS B B E RLA DR R R S A )
& CIoU, MPDIoU, GloU, SIoU #ii 2% pR %t 2 J
22.43% 9.64% 14.37% 18.50% , 15 # R UK T
GloU 412K pRi % 0. 64 T 43 i (HAL S AL AL CloU 45
ReERBARTE0.70 Forpio LG TFAE T, R Wise —
ToU 451 2% bR HICTE ASE 0 G W00 s 32 700 A ) 328 2 T &35 45 3R
MELT

F6 AEHBEAIHIXWER
Tab.6 Model effects of different loss functions

Kol s/ PRSI R # 1al

R HR (f-s™') ¥/ % /% %/ %
YOLO v8n + CloU 36.20 97.15  95.15  93.00
YOLO v8n + MPDIoU ~ 40.42  97.04  95.81  92.24
YOLO v8n + GloU 38.75  97.30  96.49  92.96
YOLO v8n + SIoU 37.40  97.16  95.58  93.77
YOLO v8n + Wise —IoU  44.32  97.34  95.85  94.25

[&] i %F YOLO v8n — GBT #5#45% ] GloU SIoU |
DIoU .MPDIoU .CloU Hi1 Wise — loU 3 4k pR £5 i i 8%
T BLILSE , 45 R A 10 Bros . i P10 Al ok
MPDIoU i , i S5 Ji Fie 1%, HL W SOUR 08 2K A B s
K ] DIoU Al SloU W S0 JE£ W = T DIoU , Yo 840 45
FAEBE AL T DIoU; 2k F Wise — ToU J5 , Il Z5 B 52 Y
Bh R A B B B, 6 R 50 4 3k AR JE 01 bl sk i B4
WS R B /N T 55 80 S R Bk R B S A
6 AT, R Wise — LoU J& , B R 74 [0 % SF1y

N Vi x
K BE B S A T

3.0 I

2.5 Y
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Fig. 10 Comparison of improved loss function
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Fig. 11 Heat map before and after adding BiFPN and Triplet Attention
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Tab.7 Comparative experiments of different models

B BB PR ESE % R % I8l /% R/ (fs™")  BERIAF o5 1B/ MB
YOLO v5n 7.10 x 10° 96. 37 94.17 92.71 37.83 5.01
YOLO v6n 1.18 x10" 86. 66 90. 42 80. 47 35.73 8.27
Faster R — CNN 5.42 x10" 89.76 72.06 84.91 6.91 108. 00
YOLO 9t 7.60 x 10° 80. 50 84.70 74.40 24.32 4.70
YOLO v10n 8.20 x 10° 78.70 83.60 69. 80 31.06 5.80
YOLO v8n 8.20 x 10° 97.20 95.20 93.00 36.20 6.20
YOLO v8 — GBT 5.60 x 10° 97. 80 97.00 94. 40 47.81 4.10

PR R RS AR [ A ARG ) s AR A
A o T R B 0 T A AR Y, FG rp o 2 G 8
f It YOLO v5n.YOLO v6n . Faster R — CNN,YOLO
vot, YOLO v10n,YOLO v8n 43 5l & 1.43,11.14
8.04.17.30.19.10.0. 6 A~ H 43 &, BRI N A7 5 H &
F#ETF YOLO v5n . YOLO v6n Faster R —CNN.YOLO
v9t, YOLO vIOn, YOLO v8n 43 5 ¥ /> 17.76% |
50.42% 96.20% .12.77% .29.31% .33.87% , ¥ il
HEME T YOLO v5n.YOLO v6n Faster R — CNN
YOLO v9t, YOLO v10n, YOLO v8n 43 jil & &
26.38% . 33.80% ., 591.89% . 96.58% . 53.93% .
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Fig. 12 Model testing effect before and after improvement
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Fig. 13 Real-time field detection
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Fig. 14 Partial test results chart
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