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Abstract: In this study, the recognition test of bok choy and its associated weeds at the seedling stage was
carried out, and a novel method based on recognizing vegetables and then indirectly recognizing weeds was

proposed. By combining deep learning and image processing technology, this method can effectively reduce
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the complexity of weed recognition, and at the same time improving the accuracy and robustness of weed
recognition. First, a neural network model was used for detecting the bok choy and drawing bounding
boxes. The green targets outside the bok choy bounding boxes were marked as weeds, and color features
were used to segment them. Besides, an area filter was used for eliminating the noises and extracting weed
regions. In order to explore the effects of different deep learning models on bok choy recognition, SSD
model, RetinaNet model and FCOS model were selected, and three evaluation metrics of F, value,
average accuracy and detection speed were used for comparative analysis. The SSD model was the best
model for bok choy recognition, with the highest detection speed and excellent recognition rate. Its F,
value, average accuracy and detection speed in the test set were 95.4% , 98.1% and 31.0 /s, respectively.
The improved MEXG index can effectively recognize weeds, and the segmented weeds have complete
shapes and clear outlines. Experiment results show that the proposed method for recognizing weeds in
vegetable fields is highly feasible and has excellent application effects, which can also provide technical
reference for weed recognition in similar crop fields.

Key words: agricultural engineering; vegetable recognition; weed recognition; deep learning; image

processing; color feature
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Fig. 1 Flow chart of weed recognition
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Table 2 Evaluation matrix with different confidence

score in val dataset
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0.9 0.980 0.84 0.904

0.8 0.971 0.89 0.929

0.7 0.966 0.91 0.937

0.6 0.964 0.94 0.952

SSD 0.5 0.960 0.95 0.955
0.4 0.959 0.96 0.960

0.3 0.941 0.97 0.955

0.2 0.922 0.98 0.950

0.1 0.895 0.99 0.940

0.9 0.967 0.95 0.958
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0.7 0.958 0.96 0.959
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0.1 0.887 0.99 0.936
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FCOS 0.5 0.991 0.74 0.847
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% 8 2R F A

REFITH5BRBARAGFEEG L ERAN Tk - 2425 -

F
J3E AL 1 DA B, 3 B e 0 A 8 AL, 1 XF
Pl 3 A T 45 B R 8 U AR o

i 2 ) 0, 24 {5 B AE S 0. 9 I, SSD X
H (R RG B {8 05 25, R 0. 980 , B 17 i 73 [l R H A5
0.84, AHEZ, 815 B B{H A 0. 11}, SSD #E AU (1Y
B R R S T Y 0.99, o WA FAE A,
SSD 5% B e AR B 5 R B 0.4, X B R E T
K AR AN A 0] RS T B A . [ PE Retic
naNet 15 A {1 f ft & 15 B2 {6}y 0. 7/0. 8 .FCOS
B AD Y f 0 15 B AE R 0.3, 43 1) % I de A Fy
{E 0. 959 A1 0. 949,

V45 38 2o 56 F 4 AR RO S A 0 N H
WA A5 303 3 Frs B PR B8, AT 0L FCOS #
RYPRE B B, R 0. 970 HJ2 LA R HA 0. 94,

AR 2 P B SRR A R, A
R IRRAE T A2 B R 38 . SSD LA Fil Reti-
naNet #5578 (1) F [ AT, 4351k 0. 97 F10. 98 (&
15 B2 BB H 0.7) , B Z% B2 R 5 43 5] 5 0. 03 Al
0.02, T 16K FE 6 45 I, RetinaNet 1 1 (B {5 FE 1
fHIR0.8) Lt SSD L7 g 155 0. 9% . RetinaNet 5 7
WA fem 09 FoE, 90,961 CELA5 B B HH0.7)
SSD # AR FCOS R #L (1) F (B AL , 430 R 0. 954
F0.959, Xf T F-24K5 B, T A L ALER R L 1 9600,
FEUA AR ST e 3 AN Y Xk T 7 SRR A R A AL
H, Hodr, SSD #E FI RetinaNet £ 5 fit) 5 24 Jig
T 98% M3 T FCOS BRI A R s Al . MR A
FAA P38 B DL IR 48 bR m] AT, SSD AR A4 Al
RetinaNet £ X 75 5 A 5 41 U0 R0R o

®3 WKERMLERERENTENEIE

Table 3 Evaluation matrix with best confidence score in test dataset
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