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In the driver’s seat; 11.9f1Jfi Oil compartments; 12. = %2 The tri-
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Fig.1 Schematic diagram of mountain fruit and tea

garden road image acquisition system

A BE B 4k B Orchard hardened road; B. el 3F 8 4k i# B Or-
chard non-hardened road; C: 7% & f# fk i ¥ Hardened road in tea
garden; D %% e 4E i 4k 8 H Non-hardened road in tea garden.
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Fig.2 Scene diagram of hardened and non-hardened

roads in fruit and tea garden
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A:JEE 1 Original image 1; B:#5{# & 1 Annotation Fig.1; C.
& 2 Original image 2; D:#57:&l 2 Annotation Fig.2.
B3 REGMAItREBEREE XL
Fig.3 Image comparison between manual annotation

map and original image before and after annotation

2 HERESMH

PSPNet #9iE X 4 8l 4 BY )l 25 5 it
AR 5T ¥k % PSPNet (pyramid scene parsing

2.1



248

o Al R R R

CERO

network , 4 735 5 5 fif A 9 25O B R A O 2 % A A
Xob R 25k el 1 g A O A IE L DA T S R | 5% el T
BRI R I R A L DX 4R A0 B T B Y SR A
fEENLE I ER A PR AR B S A B oxt 3
A 3 BN GRS AN SO b T AR B A I R
(A 4 B i A r iy 352 (AT 5)

A
I The lteration 1

AR5 R SETPSPNedy 45
PREE B & RS
Input image and Image semantic
corresponding segmentation algorithm
annolation map based on PSPNet

Frftte Ry

The storage model

B4 RIFEERFSERMNIISTE
Fig.4

Training process of road scene

model of fruit and tea garden
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Fig.5

Test process of road scene

model of fruit and tea garden
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Table 1 Segmentation results of three semantic segmentation models
FERI 2T Model type i H Ttem H 5t Background # Road 7% Car A Human SEHI{H Mean

MPA/ % 98.50 91.47 87.92 86.39 91.07

PSPNet MIloU/ % 96.23 87.36 56.37 74.01 78.49
FPS 15.04

MPA/ % 97.40 89.54 86.51 85.34 89.69

M-PSPNet MIoU/ % 95.28 85.69 54.72 72.69 77.09
FPS 29.62

MPA/ % 98.70 94.51 92.68 92.69 94.64

MS-PSPNet MIoU/ % 97.28 90.96 66.90 78.51 83.41
FPS 22.31
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Preliminary semantic

segmentation results
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Fig.6 M-PSPNet model flow chart
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Fig.7 Recognition effect comparison
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Fig.8 Super pixel optimization algorithm flow chart
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Fig.9 Eeffect of the number of super pixels on

the accuracy of segmentation
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Fig.10 Semantic segmentation under different models
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Semantic segmentation under different road conditions
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Fig.12 Semantic segmentation under different lighting conditions
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Semantic segmentation based road recognition
technology of hilly fruit and tea garden

WU Weibin'?, TANG Ting' ,LIU Qiang' ,ZHAO Xin'?,HAN Chongyang',LI Jie'

1.College of Engineering sSouth China Agricultural University ,Guangzhou 510642,China ;
2.Ministry of Education Key Laboratory of Key Technology on Agricultural
Machine and Equipment/Division of Citrus Machinery ,China Agriculture
Research System /Guangdong Engineering Technology
Research Center for Creative Hilly Orchard Machinery ,
Guangzhou 510642,China

Abstract Aiming at the trend of continuous expansion of fruit and tea gardens,the gradual develop-
ment of intelligent agricultural mechanization and the lack of fruit and tea garden road scenes in common
road semantic segmentation data sets,the semantic segmentation technology was used to some fruit and
tea garden roads in Meizhou City, Guangdong Province to realize pixel-level segmentation of roads in
fruit and tea gardens. Roads,people,and cars were used as classification objects to establish a scene im-
age data set including 6 032 images of fruit and tea garden road. The data set was randomly divided into
a training set including 5 429 images and a test set including 603 images according to a 9 : 1 ratio. The
MS-PSPNet semantic segmentation model was established based on the PSPNet (pyramid scene parsing
network) segmentation model for optimization. The results of training showed that MS-PSPNet model
mean intersection over union (mean intersection over union, MIoU) was 83.41%. The number of frames
per second (frames per second, FPS) was 22.31. The MS-PSPNet model was applied to fruit and tea gar-
dens under different road conditions and light intensity to conduct field tests and evaluate the accuracy.
The results showed that the category pixel accuracy (mean pixel accuracy, MPA) of MS-PSPNet model
exceeded 92%. MioU exceeded 91% in all cases of non-hardened road conditions. It is indicated that the
MS-PSPNet model has good validity and applicability in road recognition of fruit and tea gardens.

Keywords hilly fruit and tea garden; intelligent orchard machinery; road recognition; semantic

segmentation; superpixel segmentation; precision agriculture; autonomous navigation
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