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Detection of citrus carried by mountainous orchard monorail
transporter based on improved YOLOvV5s

ZHOU Yuehuai!, LI Zhen*®, ZUO Jiaming!, GONG Wanrong®, LYU Shileit®, WEN Wei®*, HUANG Ying-?

(1.College of Electronic Engineering(College of Artificial Intelligence), South China Agricultural University,
Guangzhou, Guangdong 510642, China; 2.Automatic Control School, Liuzhou Railway Vocational Technical College,
Liuzhou, Guangxi 545616, China; 3.Mechanization Laboratory of National Modern Agriculture(Citrus) Industrial
Technology System, Guangzhou, Guangdong 510642, China; 4.Engineering Fundamental Teaching and Training Center,
South China Agricultural University, Guangzhou, Guangdong 510642, China)

Abstract: Due to the poor site conditions of mountainous orchard monorail transporter, it is difficult to obtain, feedback
and centralized management of real-time operation information. In order to monitor the proceeding of deliveries by
7SYDD-200 mountainous orchard monorail transporter and reasonably dispatch transportation equipment, the detection
method of citrus fruit basket carried by the transporter is established based on the improved YOLOv5s model. Images of
the citrus fruit baskets carried by the transporter were collected by the RGB camera of HSK-200 under the natural light
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environment of mountainous orchards. The YOLOV5s model was established and optimized, which was deployed into the
embedded device to detect the states of “empty fruit basket”, “citrus” and “full fruit basket” during the loading process.
convolutional block attention module(CBAM) is introduced into neck network of the model to strengthen the ability to
extract semantic information and solve the problem of “double labels” in the detection process. The sparse scale factor of
the batch normalization(BN) layer was used to measure the representation ability of each channel of the model. The
channels with weak representation ability were pruned and compressed to overcome the problem of slow detection speed
of the model based on YOLOV5s. The multi-scale training strategy is used to fine-tune the model to improve the detection
accuracy. The test results show that the mean average precision of the improved detection method is 93.3% on the fruit
dataset. The floating point operation and the size of the improved models were 9.9 G and 3.5 M, respectively, which were
60.3% and 21.3% higher than that of YOLOV5s. The detection speed of the improved model was 78 ms/img, when it was
deployed into the Jetson Nano embedded platform.

Keywords: mountainous orchard monorail transporter; object detection; pruning and compressing; convolutional block
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Fig.1 Image acquisition of citrus and fruit basket carried by mountainous orchard monorail transporter
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Fig.3 The flowchart of model pruning

M BN Z2 A1) 2A3(2), zin 5 20w
BN JZHYMA Sk, us F o s i EAERTE
W ARPEIEAEZ . BT RUEN Ty 5 E—
JZERUZRIT AR, AT BERS VR A ER T i 2
B AR, Pl M 2R3t y 2EA s
b, FEH: y BUINENIE 3 v Cio Ml Cia) YT IE HEA 78S
B, IREIEERRARISOR .

7=-n_F8 (1)
Joi+e
Zout:72+ﬂ (2)

Epochs

=120

[ U U [
0.2 10 14 26 38 50

a MgiilIZkaT BN J= y [l

VEBURT 2R 0.000 5 XPARIUES TR I 2k, FRl
FHBIAG % 0.6 XTI 74 . FRgi I ZemT BN )2
HAAINE 4-a R, yER/DN, 75 1 HHERIESS
A, AFITFBIRESE ; MifssIZRE ) y (A 4-b
PR, sl B, 50 )20 y (A & iR T 0,
R[22 38 XS R AR RE T 5 455, T ARG R BY .
TEFAMG# 0.000 5 FIHTALEE 0.6 XA THTAL,
REMS IR BIRRAR AL ISR, B R R IS

' '
38 5.0

Na
>N

it
b FEIZE BN JZ y [E53 70

E 4 REZBRIEHITME

Fig.4 Evaluation of sparse training for the model
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Table 1 Model performance in ablation experiments
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Table 2 Comparison of the detection performance for the different models
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Fig.5 Detection results of the model before and after improvement
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