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Unmanned Aerial Vehicle Vision Detection Technology of Green
Mango on Tree in Natural Environment

XIONG Juntao LIU Zhen LIN Rui CHEN Shumian CHEN Weijie YANG Zhengang
(College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China)

Abstract; In order to detect the mango yield on trees rapidly, a green mango visual detection method
based on unmanned aerial vehicle (UAV) was proposed. The deep learning technology and the YOLOv2
model were adopted to detect the mango images captured by UAV. Firstly, totally 471 images of the
mango on trees were collected by the UAV. To meet the demand of diversity, totally 360 images included
different shooting distances and different lighting situations were selected. Among which, 300 images
were selected randomly as the training set, the other 60 images were used as the test set. Also, the
shooting plan of the whole tree was designed. By image collecting and image mosaic, the integrated
images of five mango trees were worked out for the yield estimating experiment of mango. After image
collection, these images were marked manually and used to build the training set and the test set. The
batch size and the initial learning rate were determined by experiments. During the model training, the
learning rate was reduced gradually as the training times were changed. The mean average precision
(MAP) of the trained model on the training set was 86.43% . By designing the experiments, the
accuracy of mango recognition with images that containing different fruit numbers and different lighting
conditions was worked out. Also, the yield estimation experiment was designed. The experimental results
showed that the average running time of an image using the given algorithm was 0.08 s, while the
accuracy of the teat set was 90. 64% and the false recognition rate was 9.36% ; the highest recognition
accuracy of image with different numbers of fruits was 94.55% and the lowest was 88.05% . The
recognition accuracy was 93.42% under the condition of direct sunlight, and the recognition accuracy
was 87. 18% under the condition of backlight. The average error of the yield estimation of mango tree was
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12.79% . The result demonstrated that the algorithm was effective for mango in natural environment,

which can provide technical support for estimating the yield of fruits and vegetables in intelligent

agricultural production.

Key words: unmanned aerial vehicle; green mango; deep learning technique; visual detection
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Fig.2 Mango images collected by unmanned aerial vehicle
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Fig.3 Image acquisition
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Tab.1 Performance comparison of object detection box

KA MAP/% KGR/ (f-57")

Fast RCNN 70.0 0.5
Faster RCNN VGG — 16 73.2 7
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YOLOV2 (416 143 x416 {4%) 76.8 67
YOLOv2 (480 143 x 480 14%) 77.8 59
YOLOV2 (544 14 x 544 42) 78.6 40
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Fig.4 Model training process

2 R e 10 ]| B2 R SR B v SRS S N
FRic BRI, IF 0 SR IC I AR R HE AT 1 A1 Ak
FRAFEIEHE (94 B A YOLOV2 BIS A, A Tl
AL B8 v RN 28R A v O RE A TR AL B 1A ()
St R A EE AN [R] A B85 1 2 0 1 SRR AR TR B3 4
AT HERSAY TR 76 300 I Zhde G R, ShbRid
2 542 DPUIRAEA R A SRR AN 5 R HE
HDEAEAS 1 673 4>, (G FEAS BUERY 65. 81% , 100
FEAR 869 />, M FEAC LAY 34. 19% , Horp A S 1Y
FEAH GREAR 293 A4S, WG FEAS 125 4>, Ay
418 MHEAS | T FEAR DAY 16. 44 %
2.2 REIBEIAE

YIZRAE AU B, By A ER 09 53 B 58 ik ab 3 5
(batch) 2% > B AR 23 5 M) e 250 Y 114 A 000 A5 2R
AR Z J/i, Fe LB Gl S8, A S
Zfili A ERAE 2484 Ubuntu 16. 04, Y1l ZrAdi FHE 2R
“} Darknet, CPU 2y i7 — 8700, F45°~ 3.2 GHz, /N4
+ 4R, AT 32 GB, R4 GeForce GTX 1080, .
170 8 GB M YOLOV2 ‘B J7 $2 A i T 1| A 70 %t
BAREIATING . R 40 £/s A SR AT DL 2 SE PR
I FH 22K TR R B DU B v B 4 BT o A ]
PRV E R 544 (R x544 185
2.2.1 fitadbdiE

FEVN R (R 1 R b, S v T 5340 2k eR 500




26 YIS A1 N = S

2018 4

(b) (e) (d)
Vg
."> o '
() (h)
By |-

,
1 3
4 .
= -2,
3

0 (k)
K5 NZrEARf)

Fig.5 Examples of training sample
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Fig.6 Change of loss value in training stage
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Tab.3 Performance comparison of model with different
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Fig.7 Detection results of mango image on tree
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Tab.4 Statistics of detection results of images
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Tab.5 Comparison of segmentation algorithms
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Tab. 6 Statistics of detection results of images

with different quantities of fruits
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Tab.7 Statistics of image test results of different

illumination conditions
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Tab.8 Statistics of mango count test results
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