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Fig. 1 Sample of crop seedlings and weeds in a dataset
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Fig. 4 Network structure diagram based on improved MobileViT model
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Table 1 Performance comparison of convolutional neural networks in weed recognition

] BRI/ MB HERZE/ % KR/ % HmE/ % FUr 80 % BT /ms

Model Model size Accuracy Precision Recall F, score Inference time
VGG-16 621 92.01 91.91 91.56 91.69 640
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ShuffleNet 8 89.96 90.45 88.44 89.24 76
EfficientNet 9 91.03 91.18 90.36 90.63 78
MobileNetv3 10 92.45 92.85 91.21 91.89 80
MobileViT-SS 12 95.91 95.97 95.46 95.69 86
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Fig. 9 Different model confusion matrix

22 HEASKIE

e, AIFFEAE Mobile ViT 7 AR [R] ] 45 J2 70931 5 |

7R SIMAM TEA A I HLE P A ARX L AT EmA FER A SeNet FERE . H¥k2



o541

A2 4. FETFHUAL Mobile ViT B[4 4% &4k FH (] 22 5030 5]

199

FIHT, 4 B AR e DU 3 A b i R v A R Sl Sk
93.96%.94.40%,94.58 % F194.76 % . EAKRFE N
A SImAM & S BRI e AR 2 2
eIt X g BRI, 5 HA T E I HLRIAR H , Sio
mAM 1 5 ) AR B R R e Ty 1 H AT T
SR A R

®2 REEBHVEIE R

Table 2 Comparison of results of different

attention mechanisms %
i R R KGR Pl CiE-S F 535
Model Accuracy Precision Recall F, score
MobileViT 93.96 94.21 92.95 93.52
MobileVIT=+ o) 4o 95.06 93.36 94.09
EmA
MobileVIT=+ ) o8 94.55 94.03 94.26
SeNet
MobileViT
obleVITH o) 76 95.65 94.05 94.72
SimAM

g it — D MR BRI B AR WE T 5 AR ] )
25 4 U (depthwise separable convolution, DSC) FI
SCConv & B2 M2 4544 o 1 2% 3 F 1, B3 2
AN Te) 1) 4 RPN 22 I 2% J BB A A R I 15 3 T 4R
The Hor A DSC BRI HER R 52 5 1 0.27 1 70

R SCConv B RS () HERfR R L 55 T 0.71 B 40 A4,
M SCConv 35 FH M 25 78 $t TR AU % 4R % 58 1T 5
DSC B 28 [ 4541 L A 2L

*3 TEBERMELERL

Table 3 Comparison of results of different

convolutional networks %

AT HERf R itES PE F o

Model Accuracy Precision Recall F, score
MobileViT 93.96 94.21 92.95 93.52
MobileVIT= ) 9 94.96 93.21 93.99

DSC
MobileVIT= ) &7 95.33 93.70 94.73
SSConv

T 98 SIimAM . SCConv 5 £l 45 25 R %k
LSCE X} fir 4 A0 Ge 48 A 52 e , ASBH T2 B XA
) AR PR A R4 T T Al S 56, AT e, F 4
AL, Bk AR B MobileViT-SS i % % & M
95.91% , % # %I MobileViT +SimAM , Mobile ViT +
SCConv., MobileViT+SimAM-+SCConv 43 jill #& T}
1.15.1.24 ,0.88 1 43 s, , F2 W0 T 6P B R A9 1 i
oAy SE BRIt AT DL AT Rk A AR P 4 i S A R
ORGP

x4 FAERBEIRFERELLR

Table 4 Comparison of recognition performance of various models %
F5 8 Model SimAM SCConv LSCE HER R Accuracy K% Precision A HR Recall
MobileViT +SimAM N 94.76 95.65 94.05
MobileViT +SSConv NG 94.67 95.33 93.70
MobileViT+SimAM+SSConv / N 95.03 95.67 94.61
MobileViT-SS N, N, N, 95.91 95.97 95.46

2.3 MobileViT iz £ 5L16
J T i — LB UE Mobile VT %1 (1992 1L fig

AR W54 2 B Roboflow | 19 2% I %4 45 58 Weed
Species Dataset HEATIE, ZEHRE AL 2 208 7KK
J i 12 Fh A SRS ] R AR A R IR 2R
KT, A2 2215 S M e R EE . 2500
WG AR R B EE A HTEE T R A e 4 BR 7 3 1 Le A
K153 N 2R ik 4E | 43 51 i F§ MobileNetv3 . Mo-
bileViT MobileViT-SS A #1715 . 11 5 n[ A,
MobileViT-SS #2 R i 1§ 3 24 93.44 %, #H 4L T Mo-
bileNetv3 . Mobile ViT £ 1 43 il £ & T 5.10.1.90 H
A3 1, 2 RS i Mobile ViT -SS 4 1 7 [H ] 4% 55
RAAERKMEZRE T KA AR 0% JE B B 47 (1R
SIPERE , B S E, AT T U000 B 52 [ ) PR v
PIFEYIS T 5 A

R 5 7£ Weed Species Dataset 833 Lk i 36

Table 5 Comparative experiment on

Weed Species Dataset %
fiAl HIATES U ES FEJEE S F 535
Model Accuracy Precision Recall F, score
MobileNetv3 88.34 88.69 87.55 88.25
MobileViT 91.54 91.58 91.55 91.54
MobileViT-SS 93.44 93.20 93.46 93.22

2.4 AL SR

A5 F) H Grad-CAM (gradient-weighted class
activation mapping ) A SR RL 1) n] ML FA T 1, DLk
— L B R A AL X H FR B SRR R B O TR
H T 10 TR, X 5 2 iy B ARARL 1Y 2% e (i &2
BRI R st T BRI, (A A B A8 T 4T
Mo T HARIX I, 35 32 MR B R 2SR A e o
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Fig. 11 MobileViT-SS model loss function curve
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Lightweighted identification of weed in field based
on optimized MobileViT model

LIYa',CHEN Xiaodong', WANG Hairui',ZHU Guifu*’

1.School of Information Engineering and Automation, Kunming University of Science and Technology,
Kunming 650504, China;
2.Information Construction Management Center, Kunming University of Science and Technology,
Kunming 650504, China;
3.Al Joint Research Center, Kunming University of Science and Technology - Shuguang Information
Industry Co., Ltd., Kunming 650504, China

Abstract A lightweighted method based on the optimized MobileViT model was proposed to solve
the challenges in identifying weeds from crop seedlings in agricultural environments.SimAM attention mech-
anism was introduced to enhance the model’s ability to pay attention to features.SCConv convolution mod-
ule was used to reduce the spatial and channel redundancy of features in convolutional neural networks to
lower computational costs and model storage, while improving the performance of the convolution module.
A loss function strategy combining l.abel Smoothing l.oss and Cross Entropy loss was proposed to im-
prove the generalization performance of the model, reduce the risk of overfitting, and accelerate the conver-
gence process of the model.Images of 12 common crop seedlings and weeds in the field were used as the
training dataset to evaluate the performance of the improved model MobileViT-SS.The results showed that
the average recognition accuracy, precision, recall rate, and the F, score of the improved model reached
95.91%, 95.97%, 95.46% , and 95.69% , respectively, all of which were superior to that in the widely
used deep neural network models including VGG-16, ResNet-18, and MobileNetv3.It is indicated that the
improved model MobileViT-SS can accurately and quickly distinguish various weeds from crop seedlings
with similar morphology. It will provide technical reference for the identification of weeds from crop seed-
lings with similar morphology.

Keywords crop seedlings; identification of weed; intelligent agriculture; MobileViT ; lightweight;
SimAM attention
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