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Camellia oleifera Fruit Detection in Natural Scene Based on YOLO v5s
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Abstract; In view of the characteristics of small size, dense distribution and changeable color of Camellia
oleifera fruit, in order to realize the rapid and accurate identification of Camellia oleifera fruit in complex
natural scene, and determine the appropriate clamping position for the automatic oscillating harvesting
device according to the density distribution of the fruit, the YOLO v5s convolutional neural network model
was used to carry out research on the image detection method of Camellia oleifera fruit in the natural
scene. Through data enhancement, totally 3 296 Camellia oleifera fruit images were obtained to make the
PASCAL VOC data set. After 150 rounds of training, the optimal weight model was got. The accurate
rate was 90. 73% , the recall rate was 98.38% , the comprehensive evaluation index was 94.4% , the
average detection accuracy was 98. 71% , the single image detection time was 12. 7 ms, and the memory
size of the model was 14. 08 MB. Compared with the current mainstream first-stage detection algorithms
YOLO v4 — tiny and RetinaNet, its accuracy rate was increased by 1.99 percentage points and 4. 50
percentage points, the recall rate was increased by 9. 41 percentage points and 10. 77 percentage points,
and the time was reduced by 96.39% and 96.25% , respectively. In addition, the weight file of the
YOLO v5s model was small, indicating that its network was simpler and had the advantage of rapid
deployment. It could be transplanted to edge devices in the future to provide algorithm reference for the
vision system of the Camellia oleifera fruit automatic harvesting device. Through comparative experiment,
the results also showed that the model can achieve high-precision recognition and positioning of fruits in
dense, occluded, dim environments and fuzzy blur conditions, and it had strong robustness. The research
results can provide a reference for the research of mechanical harvesting of Camellia oleifera fruit under
the natural complex environment.
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Fig. 1 Camellia oleifera fruit with different colors
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Fig.2 Data enhancement
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Tab.4 Comparison of detection results under occlusion
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Fig. 6 Comparison charts of detection results in backlit or dim environment
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Fig. 7 Comparison of detection results of dense fruits and small targets

Y BRI AEAEA B IR DL . X2 1 T YOLO v5s
A 4% 08 1 2 J= A5 B b Ak 25 T X8R IO R
E, PR A 240719 15 15, 2 Wit 0 265 % B2 1 34 m il A7 —
EER
®6 RIFKNBARBERGQNE R
Tab.6 Comparison of detection results of dense

fruits and small targets

- ShRRS IERRS FEEE

- A% A% 150
B 45 40 0.89

YOLO v5s
o 2 R oy AT 35 29 0.75
WA 45 22 0. 84

YOLO v4 — tiny

EES T 35 9 0.70
G 45 23 0.86

RetinaNet

% LR O A 9

2.2.4 Ak KM S TGRS I X L
J T HE5E YOLO v5s i BRI % 4 A6 0 1

TEICHE Ak AR 25 3k M A B 1 [R5 3R 130 1
Ay 3 AR HEAT I 43 A I Ak S o #] 8
B, X BRI 45 e 7 Bk . 2 T nLAE
YOLO v5s - IR B 4, Te i & ; YOLO v4 — tiny
Ik 4 4~ ; RetinaNet YK 1 4>, 25 %W, 781 5
AT R B YOLO v5s T A 35, AT DL 57 4% db Ao
W H AR RS, B R & e

3 it

(1) AR5 YOLO vSs 9 45 T i 2% 2R (931
B, 2k VI 245 2 4 Fe AU T AR I (Y P 2 90.73%
S — B O 5k

&

c) linael
P8 Ak R I 0 PRARORG  45 2R X e

Fig.8 Comparison of detection results under blur and noise
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