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Cherry Fruit Detection Method in Natural Scene Based on
Improved YOLO v5

ZHANG Zhiyuan'® LUO Mingyi'? GUO Shuxin'? LIU Gang'®> LI Shuping'®> ZHANG Yao'”
(1. College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China
2. Key Laboratory of Modern Precision Agriculture System Integration Research, Ministry of Education,
China Agricultural University, Beijing 100083, China)

Abstract; In order to improve the accuracy of cherry fruit recognition and the working efficiency of
orchard automatic picking robot, totally 1 816 sets of cherry original images collected in Yantai Academy
of Agricultural Sciences and data images obtained with different data enhancement methods were used to
establish the data set, the data set was divided into training set and test set according to rate of 8:2, and
YOLO v5 model was used to identify and detect cherry data sets enhanced by different data enhancement
methods and combined enhancement methods based on the in-depth learning network. The results showed
that offline enhancement and online enhancement had a certain positive effect on the improvement of
model accuracy. The offline data enhancement strategy could significantly and stably increase the
detection accuracy, and the online data enhancement strategy could slightly improve the detection
accuracy. Using the combination of offline enhancement and online enhancement at the same time could

greatly improve the average detection accuracy. In view of the mutual occlusion between cherry fruits and
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the difficulty in detecting small cherry targets in the picture, the detection accuracy of cherry fruits in the
natural environment was low, the backbone network of YOLO v5 was changed, the transformer module
with attention mechanism was added, and the neck structure was changed from the original pafpn to bifpn
which could carry out two-way weighted fusion. The P2 module of shallow down sampling was added to
the head structure. The experimental results showed that compared with other existing models and the
improved YOLO v5 model with a single structure, the comprehensive improved model proposed had the
highest detection accuracy, and the mAP@ 0.5:0.95 was increased by 2.9 percentage points. The
results showed that this method effectively enhanced the efficiency and accuracy of feature fusion in the
recognition process, and significantly improved the detection effect of cherry fruit. At the same time, the
trained network model was deployed on the Android platform. The system was simple and clear to use,
and the requirements of user equipment environment were not high. Therefore, the system had certain

practicability. It could detect cherry fruit in real time and accurately in the field environment, which laid

a foundation for practical applications such as automatic service picking in the future.

Key words: cherry; target detection; YOLO v5; data enhancement; attention mechanism
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Fig. 11  Performance results of different YOLO improved algorithms in training process
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Fig. 12 Loss of different YOLO improved algorithms in training process
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Fig. 13 Performance and loss performance of
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Fig. 14  Comparison of cherry instance detection

after algorithm optimization
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Fig. 15 Flow chart of functional models

REGE T RIFIBEUT : Android Studio 4. 1.2 on
Windows 10, {# Fi%Z Android £ H & T HH T H %
8 i Android i i, PyCharm Professional, f#i Fij
python 2 % JF & T. B J T JF & Android i HTTP i
SRR 55 it , B2 A4E P VTR TN BF 114 2 I 55 44 i e
2% . f# ] Flask #E42FF & Linux 55 4% b ik 55
Uit R 48 o Al Pytorch HE 20X A2 Ak A6 0 A5 750 E 15 91|
Gk o Uk I 122 2 AR 55 e i o

1 &

(1) $2 1 7 3 5 5 24 X dh 8 o A 25 5 1)
Kl s ks o 5 s Bds R A HE L B R SR X T
AR N R e I RS Rk
BEVIME 2 P2 4.2 A1 2, o A 00 A 4R
W A5 A i 77 3T DLAE AR I 250K I a8 B ey, H



240 &l #Hl

Moo 20224

L iR 5 Mosaic 3 9 A0 25 & /9 77 SURE -7 2
RBEXIME 2 $ 5 5.2 A

(2) AWEFE VAN H | By 3 45 5 8 9 1 A A6 )
£55 2 b, 20 A 3 A~ T5 T4 A% 48 YOLO vS A 5l
PEATRIGH % YOLO vS 18 T M A &
) Transformer , 3X — B AT DU Wl 5 6 B B AR, IF
H AL 68 A% A5 A6 70 B e ) A 00 A A X 2 /)
H bR s neck 4544 i PaFPN & i w5 25 16 XL 1i) i85 )3

ABAURAE Rl & 77 30 BiFPN, BB 98 A7 &% 22 fift /)y H b5
Y5 H bR E B 9] 81 7% head 2544 H B8 R SR AR AL /N
TRJZRHE P2 EAT R St IR Z R IR AL & S 2 L
EAR R PR /N H A5 4y A B o A I AT — E S Bl
S AR AR Bl P — o S T 3 X A R A R
PETEA K2 B et A A J5 v T P 45 5 RE A8 W 3
IR E , 9 YOLO v5 — Transformer — BiFPN £ %
FRAS e, B IR B R B 13 2. 9 DN A

Immature peach detection in colour images acquired in natural illumination

Computers &

2 % X W
(U] A, skoRiE, 32k, 55, JET 3G YOLO v Al = AR e s Ui [ T]. R MU =4k , 2022, 53(5) :201 - 208.
HE Bin,ZHANG Yibo,GONG Jianlin,et al. Fast recognition of tomato fruit in greenhouse at night based on improved YOLO v5
[J]. Transactions of the Chinese Society for Agricultural Machinery,2022,53(5) :201 —208. (in Chinese)
[2] JIW, ZHAO D, CHENG F, et al. Automatic recognition vision system guided for apple harvesting robot[ J]. Computers &
Electrical Engineering, 2012, 38(5) :1186 —1195.
[3] KURTULMUS F, LEE W S, VARDAR A. Green citrus detection using ‘ eigenfruit’ , color and circular Gabor texture features
under natural outdoor conditions[ J]. Computers and Electronics in Agriculture, 2011, 78(2) :140 - 149.
[4] RAKUN J, STAJNKO D, ZAZULA D. Detecting fruits in natural scenes by using spatial-frequency based texture analysis and
multiview geometry[ J]. Computers & Electronics in Agriculture, 2011, 76(1) :80 - 88.
[5] JUNOS M H, MOHD K A S, THANNIRMALATI S, et al. An optimized YOLO-based object detection model for crop harvesting
system[ J]. TET Image Processing, 2021, 15(9) . 2112 -2125.
[6] PAYNE A B, WALSH K B, SUBEDI P P, et al. Estimation of mango crop yield using image analysis-Segmentation method[ J ].
Computers & Electronics in Agriculture, 2013, 91.:57 - 64.
[7] MOALLEM P, SERAJODDIN A, POURGHASSEM H. Computer vision-based apple grading for golden delicious apples based
on surface features[ J]. Information Processing in Agriculture, 2017, 4(1) . 33 -40.
(8]  JHzh, VPR AT , 55 TR 8 B AR 22 I 2% 1) e A 2 A8 B 40 28RN O i [T ] Aol T AR 2441 ,2017,33(15) 1219 - 226.
ZHOU Yuncheng, XU Tongyu, ZHENG Wei, et al. Classification and recognition approaches of tomato main organs based on
DCNN[J]. Transactions of the CSAE,2017,33(15) :219 —226. (in Chinese)
[9] WANG C, TANG Y, ZOU X, et al. A robust fruit image segmentation algorithm against varying illumination for vision system of
fruit harvesting robot[ J]. Optik-International Journal for Light and Electron Optics, 2016, 131:626 - 631.
[10] TIAN Y, YANG G, WANG Z, et al. Apple detection during different growth stages in orchards using the improved YOLO — V3
model[ J]. Computers and Electronics in Agriculture, 2019, 157.:417 - 426.

[11] SENG W C, MIRISAEE S H. A new method for fruits recognition system [ C] // International Conference on Electrical
Engineering and Informatics. IEEE, 2009.

[12] LINKER R, COHEN O, NAOR A. Determination of the number of green apples in RGB images recorded in orchards[ J].
Computers & Electronics in Agriculture, 2012, 81(1) .45 —57.

[13] KURTULMUS F, LEE W S, VARDAR A.
conditions using statistical classifiers and neural network[ J]. Precision Agriculture, 2014, 15(1) :57 - 79.

[14] WANG D, HE D. Channel pruned YOLO V5s-based deep learning approach for rapid and accurate apple fruitlet detection
before fruit thinning[ J]. Biosystems Engineering, 2021, 210(6) :271 —281.

[15] ZHAO Y, GONG L, ZHOU B, et al. Detecting tomatoes in greenhouse scenes by combining AdaBoost classifier and colour
analysis[ J]. Biosystems Engineering, 2016, 148.127 - 137.

[16] JIW, ZHAO D, CHENG F, et al. Automatic recognition vision system guided for apple harvesting robot[ J].
Electrical Engineering, 2012, 38(5) ;1186 - 1195.

[17] 29,5k, W, % IREGAF MR Ik [T]. gl TR 4R ,2017,33 (35 T)) :328 - 334,

LI Han, ZHANG Man, GAO Yu, et al. Green ripe tomato detection method based on machine vision in greenhouse[ J].
Transactions of the CSAE,2017,33 ( Supp. ) :328 —334. (in Chinese)

(18] Esi, Ffdh, FUME, 55 KT UG YOLO v4 B B SRR 3R R ZRAGN 75 vk [ T 1. A WU 24 ,2022,53 (8 ) 2294 - 302.

WANG Zhuo,WANG Jian, WANG Xiaoxiong,et al. Lightweight real-time apple detection method based on improved YOLO v4
[J]. Transactions of the Chinese Society for Agricultural Machinery,2022,53(8) :294 —302. (in Chinese)

(197 XU/NRI, JE U, 2 nx, 45 . i T 5 BR800 2% 11 R 3R 00 0 i [ T ] A0l MUB 2 4 ,2020,51(2) 1237 - 244.

LIU Xiaogang, FAN Cheng, LI Jianian, et al. Identification method of strawberry based on convolutional neural network [ J].
Transactions of the Chinese Society for Agricultural Machinery,2020,51(2) :237 —244. (in Chinese)
[20]  skmSIE, FLAE R 228K, 55 JE T 0B 22 FRAER i 5 YOLO va 2RSSR R G oe [ T]. R WA= 4R ,2021,52(9) : 15 - 23.

ZHANG Qinghui, KONG Dexiao, LI Junqiu, et al. Design of fruit picking system based on inverse kinematics dimension
reduction and YOLO v4 [ J]. Transactions of the Chinese Society for Agricultural Machinery,2021,52(9):15 - 23. (in
Chinese)



